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The chemical and structural composition of biological tissues can be non-invasively mea-
sured using Raman spectroscopy. The resulting Raman spectrum can be used for iden-
tification and quantification. In case of multi-component mixtures, this is complicated
due to superimposing signals of individual compounds hence multivariate methods are
mostly applied for the analysis of Raman spectra. However, these methods provide
only little help to understand the physical and chemical processes causing the spectral
alterations.
Therefore, the aim of this thesis was to determine the changes in the Raman spectra
using the example of pork meat in the first hours after slaughter, to identify the under-
lying mechanisms and to evaluate the potential of early postmortem Raman spectra to
predict important meat quality traits.
At first, pH and lactate concentration were chosen as indicators as they are known
to correlate with the metabolic state of the muscle, which is again closely related to
the resulting meat quality. Here, the pH value was shown to be calculable from only
two vibrations of the Raman spectra assigned to the terminal phosphate moiety. More
accurate predictions are possible with a multiple linear regression model based on signals
of lactate, glycogen, creatine (Cr), phosphocreatine (PCr), ATP, IMP, the phosphate
and carbonyl group or with a partial least squares regression model based on the whole
spectrum. However, the determination of the lactate concentration is complicated due to
superimposing signals of other metabolites. To quantify the contribution of individual
components, the spectral alterations were simulated in the pre-rigor phase between 1
and 2 h and in the rigor phase between 2 and 8 h after slaughter. The simulation
includes difference spectra of the energy metabolites PCr and Cr, glycogen and lactate,
ATP and IMP as well as hydrogen and dihydrogen phosphate. Additionally, the Raman
signals of 𝛼-helical proteins, phosphorylated sugars and the difference spectrum of oxy-
and deoxymyoglobin add intensity to the observed alterations. The agreement between
measured and simulated spectra proves that the Raman spectra indeed provide a detailed
fingerprint of the metabolic state of the early postmortem muscle. In parallel, a portable
Raman system with control software was developed and successfully tested in two field
studies in commercial abattoirs. For the first time, the quality traits pH45, pH24, drip
loss, color and shear force were predicted from Raman spectra measured only 1–2 h
post mortem. Besides pH45, these quality traits cannot currently be measured early
postmortem and are only available 1–3 days after slaughter via partly invasive and
time-consuming reference analysis. The promising predictions were confirmed for pH45,
pH24 and drip loss in a second study. In both studies, the PLSR models are mostly
weighting Raman signals of the energy metabolites.
In this thesis, the potential of Raman spectroscopy was proven to rapidly and non-
invasively determine important quality traits of pork meat based on early postmortem
spectra. Thereby, signals of ubiquitous compounds of the postmortem metabolism are
weighted by the prediction models. In future, Raman spectroscopy could therefore allow
for an early assessment of quality traits of pork, but also other sorts of meat, at the
slaughterline in abattoirs.
Zusammenfassung
Mit der Raman-Spektroskopie ist die chemische und strukturelle Zusammensetzung von
biologischen Geweben nicht-invasiv messbar. Das Raman-Spektrum kann dabei zur Iden-
tifizierung und Quantifizierung dienen. Bei Gemischen ist dies allerdings durch die mehr-
deutige Überlagerung von Signalen einzelner Stoffe erschwert. Vielfach werden deshalb
statistische Auswerteverfahren zur Spektrenanalyse angewendet, welche jedoch kaum
zum Verständnis der physikalischen und chemischen Zusammenhänge beitragen.
Ziel dieser Arbeit war es deshalb, Veränderungen in den Raman-Spektren am Beispiel
von Schweinefleisch kurz nach der Schlachtung zu bestimmen und deren zugrundelie-
gende Mechanismen zu identifizieren. Zudem sollte geprüft werden, ob und wie tech-
nologisch wichtige Qualitätsparameter aus den früh-postmortalen Raman-Spektren von
Fleisch vorhersagbar sind.
Als Indikatoren für den Stoffwechselzustand des Muskels, der eng mit der Fleischquali-
tät korreliert ist, wurden zunächst pH und Lactat-Konzentration gewählt. Der pH-Wert
ist in diesem Fall mit den Raman-Peaks von nur zwei Schwingungen der Phosphatgrup-
pe aus den Spektren berechenbar. Noch genauere Vorhersagen sind mit einem linearen
Modell basierend auf ausgewählten Signalen von Lactat, Glycogen, Kreatin (Cr), Krea-
tinphosphat (PCr), ATP, IMP, der Phosphat- und Carbonyl-Gruppe sowie einem PLSR-
Modell möglich. Die Vorhersage der Lactat-Konzentration aus den Raman-Spektren ist
jedoch durch die Überlagerung von Signalen anderer Metabolite erschwert. Um die Bei-
träge der Einzelkomponenten zu ermitteln, wurden deshalb die spektralen Veränderun-
gen im Schweinefleisch im Zeitraum zwischen 1 und 2 h sowie zwischen 2 und 8 h nach der
Schlachtung simuliert. Die Simulation umfasst Differenzspektren der Energiemetabolite
PCr und Cr, Glycogen und Lactat, ATP und IMP sowie Hydrogen- und Dihydrogenphos-
phat. Darüber hinaus tragen die Raman-Signale 𝛼-helikaler Proteine, phosphorylierter
Zucker und das Differenzspektrum von Oxy- und Deoxymyoglobin zu den beobachte-
ten Veränderungen bei. Die gute Übereinstimmung zwischen gemessenen und simulier-
ten Spektren beweist, dass die Raman-Spektren eine detaillierte Momentaufnahme des
frühpostmortalen Energiestoffwechsels im Muskel darstellen. Parallel zu diesen Studien
wurde ein mobiles Raman-System konstruiert und erfolgreich während zwei Feldstudien
in kommerziellen Schlachthöfen getestet. Die Raman-Spektren, die 1–2 h nach Schlach-
tung detektiert wurden, können dabei zur Vorhersage wichtiger Qualitätsparameter wie
pH45, pH24, Tropfsaftverlust, Farbe und Scherkraft genutzt werden. Diese Parameter
sind in der Regel früh-postmortal nicht verfügbar, sondern erst durch zum Teil invasive
sowie arbeits- und zeitintensive Analysen 1–3 Tage nach der Schlachtung messbar. In
einer zweiten Studie ist die Vorhersagbarkeit von pH45, pH24 und Tropfsaftverlust aus
den früh-postmortalen Raman-Spektren bestätigt und sogar noch verbessert worden.
Die Korrelationen beruhen dabei hauptsächlich auf den zuvor identifizierten Signalen
der Metabolite des Energiestoffwechsels.
Damit wird in dieser Arbeit erstmals das große Potential der Raman-Spektroskopie
zur schnellen, nicht-invasiven und früh-postmortalen Bestimmung wichtiger Qualitätspa-
rameter von Schweinefleisch offenbart. Da hierzu Signale universell vorkommender Me-
tabolite des postmortalen Stoffwechsels genutzt werden, ist in Zukunft mit der Raman-
Spektroskopie möglicherweise eine frühzeitige Qualitätssortierung von Schweinefleisch
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“We must know – we will
know!”
David Hilbert
As an emerging technique, Raman spectroscopy
has lately received increasing attention by the sci-
entific community. Although the Raman effect is
know since the 1920’s [1], the complicated, expen-
sive and slow laboratory systems, which were still
state of the art a decade ago, limited the field of application to basic research [2].
With the development of more advanced CCD detectors, (edge) filters and diode lasers,
portable Raman systems became commercially available and expanded the application
of Raman spectroscopy to security, cultural history, geology and life sciences [3].
In 2007, the project FreshScan was started to investigate spectroscopic concepts for the
in-situ measurement of the microbiological spoilage on the surface of meat. At that time,
an increasing awareness for meat quality had developed in the industrialized countries
due to an increasing number of meat scandals. Especially spoiled meat received public
attention. In this field, Raman spectroscopy proved its potential [4], and a hand-held
device was already developed for fast and non-invasive Raman measurements in the lab-
oratory [3]. First experiments in the framework of the project FreshScan indicated that
lactate, an important compound of the early postmortem metabolism, could be mea-
sured with the Raman hand-held device. Besides, the lactate concentration is correlated
with the pH, which is also known to be a reliable indicator for meat quality. Presently,
the lactate concentration and the pH value of meat can still only be measured invasively
although the need for on-line measurements of meat quality was already recognized in
1987 [5, 6]. Therefore, the measurement of quality traits received widespread attention
by scientists which led to the evaluation of several, mainly spectroscopic techniques.
Although some promising results were achieved, the investigated techniques lack either
speed, non-invasiveness and/or accuracy which is why to date none of these methods is
applied in commercial abattoirs.
Therefore, the applicability of Raman spectroscopy to measure the lactate concentra-
tion and/or the pH value will be investigated in this thesis. Basic research with reference
spectra of pure components and spectral simulations should help to gain a better under-
standing of the early postmortem changes in the Raman spectra. To date, no complete
understanding of the Raman spectra of early postmortem meat is accomplished [7]. In
future, a deeper understanding of the Raman spectra will be helpful for the development
and evaluation of chemometric models. In parallel, the Raman hand-held device already
built in the project FreshScan has to be adapted and advanced to allow for measure-
ments in abattoirs. For that purpose, a portable Raman system will be planned and
constructed based on the aforementioned hand-held device. Additionally, the control
software for the Raman system must be written to enable safe and convenient Raman
measurements under real-life conditions in abattoirs even by untrained users. This will
help to bring Raman spectroscopy one step closer to a commercial application in the
meat industry. Using the portable system in a series of measurements in an abattoir,
the potential of Raman spectroscopy to predict quality traits from early postmortem
spectra will also be evaluated.
To date, only a preliminary study is published regarding the predictability of the
water-holding capacity of pork meat from early postmortem Raman spectra [7]. Thus,
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a completely new technique for the on-line assessment of objective quality traits of pork
meat is investigated in this thesis. In future abattoirs, an automated and objective clas-
sification of meat quality shortly after slaughter could be realized using Raman spec-
troscopy. This would help to minimize losses to meat processors and to maximize meat
quality for the consumer.
This thesis is organized as follows: Chapter 2 introduces the theoretical background.
In section 2.1 Raman spectroscopy and its applications with biological tissues are de-
scribed. In section 2.2, structure and function of muscle tissue (2.2.1) are outlined as well
as the metabolic path which leads from muscle to meat (2.2.2). The definition of meat
quality (2.2.3), a flowchart for the classification of meat (2.2.4) and the measurement
of meat quality traits (2.2.5) are also introduced in this section. The reference analysis
(section 3.1), the portable Raman system (section 3.2), its control software (section 3.3)
and the applied data analyses (section 3.4) are briefly described in chapter 3. Chapter 4
gives a summary of the publication 1 to 3 and describes a series of measurements which
confirms important findings of publication 3. In chapter 5, the main achievements of this
work are summarized and a short outlook is provided to future applications of Raman
spectroscopy in the meat industry and other fields.
2. Theoretical Background
In this chapter, the theoretical background of Raman spectroscopy is outlined, an intro-
duction of relevant properties of meat is provided and the definition of meat quality and
its measurement is discussed.
2.1. Raman Spectroscopy
This section is subdivided in a brief theoretical outline of Raman spectroscopy and
is followed by a description of the typical instrumentation used for a Raman setup.
The section ends with an overview of applications of Raman spectroscopy in biological
systems.
2.1.1. Theory
“The most exciting phrase to
hear in science, the one that
heralds the most discoveries, is
not ‘Eureka!’ (I found it!) but
‘That’s funny…’.”
Isaac Asimov
In 1923, the Raman effect was predicted by Adolph
Smekal [8]. It was experimentally proven in fluids
by Raman and Krishnan in 1928 [1] and in the same
year in solids by Landsberg and Mandelstam [9].
A detailed description of the Raman effect can be
found in several publications [10, 11]. Thus, only a
brief overview of the most significant properties of
Raman spectroscopy will be given.
The Raman effect is an inelastic scattering process of photons with molecules or atomic
lattices, i.e. energy is transferred between light and matter (see Fig. 2.1), unlike the much
more likely elastic process, Rayleigh scattering, in which the wavelength of the incident
light is unaltered. In general, an absorbed photon excites the material to a virtual
electronic state which is unstable. In case of Rayleigh scattering, the photon is re-emitted
with the same energy as it was absorbed. In case of Raman scattering, the photon has
a different energy which corresponds to the energy required to excite the material to a
higher (or lower) vibrational mode. Two outcomes can be observed: (1) Stokes Raman
scattering in which the material absorbs energy, and the emitted photon has a lower
energy and (2) anti-Stokes Raman scattering in which the material loses energy, and
the emitted photon gains energy. The latter is highly unlikely for materials at ambient
temperature. For instance, according to the Boltzmann distribution, at 25°C only 0.8%
of the phenylalanine molecules are exited to the ring-breathing vibration which leads to
the Raman peak at 999 cm-1. Hence, in general, Stokes Raman scattering is observed.
Due to the small scattering cross section of ~10-30 cm2 [12], lasers are most commonly
applied as light sources in Raman setups. For that matter, short wavelength lasers are
advantageous due to a higher photon yield because the Raman scattering intensity is
dependent on the 4th power of the frequency of the incident light (𝐼 ∝ 𝜈4). However,
when dealing with biological samples fluorescence becomes an increasing problem with
higher frequency (hence higher photon energy). This can easily be understood: A photon
with low energy ℎ𝜈0 is not able to excite the right-hand system in Fig. 2.1, and no
fluorescence is observed. At the same time, the scattering cross-section of the fluorescence
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Figure 2.1.: Term scheme for Rayleigh and Raman (Stokes and Anti-Stokes) scattering
and fluorescence.
process (𝜎 = 10−17 − 10−16 cm2) is many magnitudes larger than the cross-section for
Raman scattering [13].
Raman spectroscopy is closely related to infrared (IR) spectroscopy in the wavelength
range 2.5–25𝜇m (4000–400 cm-1)1. Both yield similar, but complementary, informa-
tion about the molecular structure. While a change in the molecular polarizability 𝛼















In centrosymmetric molecules, this contrasting feature allows to analyze transitions
which are not IR active via Raman spectroscopy and vica versa.
Raman spectroscopy can provide high resolution spectroscopic fingerprints reflecting
the composition and structure of biological matter independently of the water content
and is, therefore, well suited for investigations with meat.
2.1.2. Instrumentation
In 1928, C. V. Raman was using the sunlight as the light source in his experiment
applying a narrow band photographic filter to create monochromatic light. Today, lasers
are considered the ideal light sources for Raman setups due to their monochromatic
light, low beam divergence and high output power. In case of Raman investigations
with biological tissue, which frequently reveal high fluorescence background, 785 nm is
the most common wavelength for measurements, and even infrared lasers (1064 nm) are
in use.
Either way, if the laser light is scattered by the sample, only a small fraction is scattered
inelastically. For instance, the Rayleigh scattering cross section of the nitrogen molecule
N2 is 𝜎 = 5.1 ⋅ 10
−27 cm2 [14] while the Raman cross section is only 𝜎 = 5.5 ⋅ 10−31 cm2
1In the, commonly used, NIR wavelength range 0.8–2.5𭜇m, overtones and harmonic vibrations are
excited.
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[12]. In case of vibrations of biological molecules, the difference is even larger. To
suppress the Rayleigh scattered light, edge filters are commonly used. These filters
are reflective to a certain wavelength and become transparent beyond that wavelength
(Stokes). Hence, edge filters are characterized by their cut-on (or cut-off) wavelength,
which defines the wavelength at which the filter transmits 50% of the incident light. The
second most important parameter is the transition width, which defines the steepness
of the transition between the region of transmission and reflection. Another important
parameter is the reflective index because the filters main function is the suppression of
the laser line. Therefore, an ideal edge filter for Raman setups (Stokes) would have 100%
reflectivity at the laser wavelength and a very steep transition to 100% transmittance
at higher wavelengths. In reality, the transition width of ultra-steep 785 nm edge filter
is, for example, around 4 nm which enables to measure Raman shifts of approximately
70 cm-1.
Beyond the edge filter, only Raman and fluorescence light are present in the setup
but all wavelengths are still combined in one beam. Hence, a dispersive element, most
commonly a diffraction grating, is used to split and diffract the light according to its
wavelength. Today, mostly holographic gratings are in use, which are created from
holographic interference patterns using photolithographic techniques. Besides, Fourier
transform spectrometer are in use in which a interferogram is created by a moving mirror
and a Fourier transform is applied to reconstruct the actual spectrum.
For the light detection, charged coupled devices (CCD) are applied, which are silicon-
based integrated circuits consisting of a dense matrix of photodiodes that operate by
converting light energy into an electronic charge. The most important quality parame-
ter of a CCD is its quantum efficiency, which is defined as the number of electron-hole
pairs created and successfully read out by the device for each incoming photon. Mod-
ern CCDs can reach over 90% quantum efficiency. The optimal spectral range depends
amongst others on the architecture of the CCD, but beyond 750 nm the sensitivity of
most detectors decline rapidly [15]. In principle, photodiodes comprise three layers: A
transparent conductor on an isolator on a semiconductor material (doped silicon). By
applying a voltage, a potential well is formed in the semiconductor next to the isola-
tor. Incident photons excite electrons from the conduction band to the valence band via
the photoelectric effect, and the excited electrons will be trapped in the potential well.
Here, statistical variation in the arrival rate of photons lead to the so-called photon or
shot noise [16]. Besides, electrons may jump into the well via thermic excitation causing
thermic, dark or detector noise, which is why CCDs are most commonly cooled. As a
shutter blocks the light from the CCD, the electrons are stepwise moved to an adjacent
pixel. At the edge of the CCD, the charge is amplified, transferred to an electronic
system and submitted to a computer, which can display and safe the data. During the
process of converting the CCD charge to a digital signal, read-out noise is added to the
existing noise.
For presentation of Raman data, the relative wavenumber 𝜔 (not the wavelength 𝜆)








As the inverse of the wavelength, the wavenumber is proportional to the energy. In this
context, relative means difference between incident laser 𝜆0 and scattered Raman light
𝜆1. Therefore, independently of the laser, all Raman peaks have the same wavenumber,
and Raman spectra of different setups can easily be compared. In addition, Raman
spectra are comparable to IR spectra which are also presented in wavenumbers.
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2.1.3. Application in Biological Systems
Raman spectroscopy was already applied in meat science and several other biological
systems which are related to this work. A brief overview of this work is given in this
section.
Raman spectroscopy has already proven to be a sensitive probe of the secondary
structure of proteins (𝛼-helix, 𝛽-sheet, random coil) [17–19]. The amide I modes around
1650 cm-1, the amide III modes between 1225 and 1310 cm-1 and the carbon-carbon
stretching modes of the protein backbone at 1155 cm-1 can be used as indicators. Addi-
tionally, 𝛼-helical proteins exhibit signals at 900, 935, 1305, 1445 and 1650 cm-1 [20, 21].
Myosin, as the most important protein in muscle cells (see section 2.2.1), was already
investigated using Raman spectroscopy in the late 1970’s [22, 23]. Further assignments
to Raman signals of meat can be found in numerous studies and are summarized in
Tab. 2.1 [18, 24–28]. Also, fat is known to be an excellent Raman scatterer and its as-
signments are well-known [29–35]. An overview of the assignments is given in Tab. 2.1.
Interestingly, Raman spectroscopy was also shown to be sensitive for pH-induced con-
formational changes in amino acids [36, 37], poly-amino acids [38, 39] and the protein
transferrin [40]. In addition, the pH value is reflected in Raman spectra by two strong
vibrations of the terminal phosphate moiety at 980 and 1080 cm-1 [41, 42]. The latter is
shifted to higher wavenumbers in case of two (1105 cm-1) or three (1120 cm-1) phosphate
groups due to coupling of the polyphosphate chain [41, 43]. This becomes relevant in
context of this thesis due to the universal occurrence of phosphorylated compounds in
the metabolism of muscle cells, called metabolites and the early postmortem pH fall in
the muscle cell. In addition, Raman spectroscopy proved its potential to provide useful
information about meat quality traits such as water-holding capacity [7], shear force
(tenderness) [44–46], cooking temperature [47], microbiological spoilage [4] and sensory
quality [48].
2.2. Meat
Meat is defined as all parts of slaughtered or slayed warm-blooded animals which are
determined for human consumption [49] or simply as animal flesh that is eaten as food
[50].
2.2.1. Muscle Structure, Composition and Contraction
The main component of muscle tissue is water (74–76%), which is found within the
• myofibrils,
• between the myofibrils,
• between the myofibrils and the cell membrane (sarcolemma),
• between muscle cells and
• between muscle bundles (groups of muscle cells).
The remaining fourth of the muscle’s mass comprise proteins (20–25%), connective tissue
(<1%), fat (in lean meat 1–5%) and minerals (<1%) [51–55].
Its organizational structure and top-down hierarchy is presented in Fig. 2.2. The
muscle is sheated by a though layer of connective tissue called the epimysium and is
composed of several fiber bundles or fascicles (sheated by the perimysium) which consist
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Table 2.1.: Overview of assignments to characteristic vibrations of myosin and fat.









900–901 C-C skeletal stretching [22]
934–944 C-C skeletal stretching [28]
1000–1006 Phenylalanine [28]
1030–1033 Phenylalanine [22]
1040–1120 C-N and C-C skeletal stretching [22]
1127–1130 C-N stretching [24]
1156 C-C stretching, COH deformation [27]
1172–1175 Tyrosine [24]
1205–1209 Phenylalanine, tyrosine [22]
1225-1250 Amid III (𝛽-pleated and random coil) [22]
1265–1278 Amid III (𝛼-helix) [28]
1301–1309 Amid III (𝛼-helix) [28]
1316–1322 Tryptophan, C-H deformation [27]
1339–1342 Tryptophan, C-H deformation [28]
1395 symmetric CH3 deformation [27]
1447–1451 CH3, CH2, CH bending [22]
1460–1483 CH3, CH2 bending [28]
1553–1554 Tryptophan [28]
1605–1618 Tryptophan, phenylalanine, tyrosine [28]
1645–1658 Amid I (𝛼-helix), OH bending (water) [22, 28]
1660–1665 Amid I (random coil) [28]
1665–1680 Amid I (𝛽-pleated) [28]
F
at
727 =C-H deformation (in plane) [30]
800–920 C-C, C-O stretching, CH3 rocking [32]
970–972 =C-H deformation (out-of-plane) [33]
1060–1068 aliphatic C-C stretching (out-of-plane) [32]
1076–1090 aliphatic C-C stretching (out-of-phase) [34]
1119–1129 aliphatic C-C stretching [33]
1263–1266 symmetric =C-H rocking [33]
1295–1306 CH2 torsion (in-phase) [34]
1368 symmetric CH3 deformation [33]
1436–1443 symmetric CH2 deformation [33]
1455–1460 CH2 deformation [35]
1650–1670 C=C stretching [34]
1730–1750 C=O stretching in esters [32]
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Figure 2.2.: Schematic representation of the organizational structure of the muscle.
of single muscle fibers (sheated by the endomysium). The muscle fibers have a length
of up to 400mm but only a diameter of 0.01–0.1mm. Each muscle fiber is composed of
thousands of myofibrils, and the myofibrils themselves are bundles of protein filaments.
The myofibrils are organized in repeating units called sarcomers, which can be spot-
ted using a polarizing microscope. Thereby, two distinct areas appear, the anisotropic
A-band and the isotropic I-band. The latter is crossed by the dark Z-disk while the paler
M-line can be found in the A-band. Its appearance is a results of the different protein
composition. While the A-band (thick filaments) is mainly composed of one basic pro-
tein, myosin, the I-band (thin filaments) is made up of the basic structural protein actin
and the two regulatory proteins troponin and tropomyosin. Together, myosin and actin
account for 80% of the weight of the contractile tissue. Besides, the Z-disk is mainly
constituted of alpha-actinin and the giant protein titin, which extends into the M-line
and binds to myosin. Another giant protein, nebulin is known to extend over the whole
I-band. Its main function is to anchor the thin filaments into the Z-disk [56]. Intermedi-
ate filaments such as skelemin and desmin run perpendicular to the length of the muscle
fiber and keep the three-dimensional shape of the sarcomere and myofibrils. On the
other hand, costameric proteins (costameres) such as filamin, dystrophin, vinculin and
talin fix the position of the myofibrils relative to the sarcolemma and interact possibly
even with the endomysium layer outside the sarcolemma. These proteins also extends
into the muscle cell where they encircle the myofibrils at the Z-disk and run from my-
ofibril to myofibril to link adjacent Z-disks and M-lines laterally [57]. Both, intermediate
filaments and costameres, have become a source of much interest as it appears that the
degradation of these proteins during postmortem aging may play a major role in the
tenderization of the muscle [58].
The muscle’s basic function is to provide mechanical energy hence contraction by
converting chemical energy. This is realized on the molecular level by interaction of
myosin with actin. As a first step, an action potential from the central nervous system
is sent via an axon to the muscle cell triggering a calcium ion (Ca2+) flux into the muscle
cell. Then, the Ca2+ ions bind with troponin-C molecules, which are regularly dispersed
throughout the tropomyosin protein. This protein is covering the actin binding sites
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for the myosin heads. Due to the binding with the Ca2+ ions, a conformational shift
of troponin-C is caused which moves the tropomyosin filaments and thereby reveals the
binding sites for myosin. Now, the myosin head will bind to the actin filament to form
an actomyosin complex. ADP and inorganic phosphate (Pi), which were bound to the
myosin head, can be released. This changes the angle of the myosin head from 90° to
50°, and further to 45° as Pi and ADP are released, respectively. This pulls the Z-disks
towards each other, thus shortening the I-band (not the A-band [59]) and contracting
the muscle by about 4–5 nm. The myosin head still remains attached to actin until a
new ATP binds to it. This releases the actin-myosin bonding and returns the myosin
head back to its 90°-formation. Repeated contractions can shorten the sarcomere from
about 2.7 to 1.5𝜇m and the muscle up to 30% [58].
2.2.2. Early Postmortem Metabolism
“Dead is when the
chemists take over the
subject.”
Arthur L. Schawlow
The quality of muscle foods relies heavily on the
process of the muscle to meat conversion. An-
temortem and postmortem changes affect qual-
ity traits such as tenderness, juiciness and color.
Hence, it is necessary to introduce the basic,
metabolic processes which occur early postmortem
in the muscle cell.
As the animal is slaughtered, the cell’s metabolism has to shift from aerobic to anaer-
obic. Without oxygen supply, the muscle has only limited options to produce energy
and hence regenerate ATP (see Fig. 2.3). This can be done by using [60]:
1. the short term storage of phosphocreatine (PCr) which accumulates adenosine
diphosphate (ADP) and creatine (Cr),
2. two ADP via the adenylate kinase reaction which accumulates adenosine monophos-
phate (AMP) or
3. the long term storage of glycogen via the glycolytic pathway at the end of which
lactate and H+ ions are accumulated.
It is noteworthy that triphosphates like inosine (ITP) and guanosine triphosphate (GTP)
may also produce energy via breakdown to di- and monophosphates, and glycerol 3-phos-
phate can enter the glycolytic pathway, but due to the small concentration of those
metabolites [61–63], they only play a minor role in the regeneration of ATP. Shortly
after slaughter, the PCr storage is mainly exploited for ATP regeneration by trans-
ferring the phosphate group from PCr to ADP. Thus, creatine is accumulated. The
PCr storage consists of up to 20–30 mmol/kg [64, 65] but is depleted within 1–2 h
after slaughter. Additionally, up to 70–100mmol/kg glycogen [61, 64, 66] can sup-
ply the muscle cell with energy up to eight or more hours after slaughter2. Thereby,
glycogen is metabolized to pyruvate (glycolysis) which can be separated in two phases.
In the investment phase, glycogen is split into glucose and phosphorylated to glu-
cose 6-phosphate (G6P), rearranged into fructose 6-phosphate (F6P) and again phos-
phorylated to fructose 1,6-bisphosphate (F-1,6-P) which overall consumes two ATP
molecules. As F-1,6-P is split into dihydroxyacetone phosphate (DHAP) and glyceralde-
hyde 3-phosphate (GA3P) and DHAP is further metabolized to GA3P the investment
phase ends, and the pay-off phase begins. Firstly, GA3P is dehydrogenated and Pi is
2Interestingly, porcine longissimus muscle was shown to only metabolizes 35–40mmol/kg of its glyco-
gen storage [67].
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Figure 2.3.: Overview of the early postmortem metabolism in the muscle cell. Raman
spectra of metabolites in blue frames were measured in this thesis.
added to form 1,3-bisphosphoglycerate (1,3-BPG). In this step, the H+ ion is formed as
NAD+ is reduced, and NADH is produced, i.e. in this step the acid is formed, which
eventually leads to the pH fall from 7.2 in the living pig muscle to 5.3–5.5 in pork meat.
In the next step, one of the phosphate groups of 1,3-BPG is used to form ATP while
3-phosphoglycerate (3PG) is formed. In the next steps, 2-phosphoglyerate (2PG) and
phosphoenolpyruvate (PEP) are formed. In the final step of the pay-off phase, ADP is
phosphorylated to ATP via the formation of pyruvate from PEP. To sum up, the overall
process of glycolysis is:
glucose+2NAD++2ADP+2Pi → 2 pyruvate+2NADH+2H
++2ATP+2H2O (2.4)
With only small amounts of NAD+ in the muscle cell, the glycolysis would stop rapidly.
Therefore, NADH has to be oxidized back to NAD+. Without oxygen supply, the muscle
cell realizes this by lactic acid fermentation. In this process, pyruvate is converted to
lactate (which is the conjugated base of lactic acid):
pyruvate+NADH+H+ → lactate+NAD+ (2.5)
Combining equation 2.4 and 2.5 yields:
glucose+ 2ADP+ 2𝑃𭑖 → 2 lactate+ 2ATP+ 2𝐻2O (2.6)
which sums up the ATP regeneration via glycolysis and lactic acid fermentation.
The ATP produced during glycolysis and via breakdown of PCr is mainly used to
break the acto-myosin cross-bridges and to keep the muscle in the relaxed state, but
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Figure 2.4.: Simplified early postmortem metabolism in the muscle cell with (a) break-
down of phosphocreatine (PCr) to creatine (Cr), (b) two adenosine diphos-
phate (ADP) forming adenosine tri- (ATP) and monophosphate (AMP) with
subsequent deamination to inosine monophosphate (IMP), (c) glycolysis in
which glycogen is degraded to pyruvate, which is finally reduced to lac-
tate (Lact) and H+ ions to recycle NAD+, which consumes ADP and inor-
ganic phosphate (Pi), and (d) ATP hydrolysis to break actomyosin bonds.
Framed metabolites are depleted (red) or accumulated (green) in the early
postmortem muscle cell.
also to fuel active transport and to maintain ion gradients [60]. Thereby, ADP and
Pi are formed. When the glycogen storage is completely depleted or the ultimate pH
of 5.3–5.5 is reached, the ATP regeneration via the adenylate kinase (AK) reaction
(ADP + ADP →ATP + AMP3) comes also to halt, and the muscle will enter the rigor
mortis. The beginning of this state is characterized by the formation of actomyosin
cross-bridges stiffening the muscle. The end of rigor mortis is less clearly defined as the
muscle is gradually tenderizing due to proteolysis (see section 2.2.3.4). In pork muscle,
the tenderizing in M. longissimus dorsi takes about five days [68]. In this time frame,
creatine is also metabolized to creatinine and IMP to inosine which is subsequently split
into hypoxanthine and ribose [69].
In summary, PCr, glycogen and ATP are depleted in the early postmortem muscle
while Cr, lactate, H+, IMP and Pi are accumulated (see Fig. 2.4).
These general metabolic steps occur in every muscle cell after slaughter, but large
variations can be observed between different animals regarding velocity and extent of
postmortem metabolism. If the metabolic activity is elevated, the rate of acidification is
high and the muscle’s pH can fall to its minimum in less than one hour while the carcass
is still warm. High temperature and low pH are known to cause protein denaturation
[70, 71] and defects of the cell membrane [72], which lead to meat with pale color, soft
texture and low water-holding capacity (WHC). This condition is described as pale, soft
and exudative (PSE) meat and was firstly introduced in the 1960’s [73]. The condition
may be caused by the typical scalding of the carcasses or by high antemortem muscle
activity but is mostly a result of accelerated metabolism [66]. PSE occurs, if the animal
is exposed to perimortem stress, and the anaerobic metabolism based on glycolysis is
triggered before slaughter. PSE meat is known to give reduced yield hence is undesired
by meat processors for most applications [70]. For instance, cooked hams manufactured
from severe PSE pork meat can result in up to 50% financial loss [74]. Thus, effort was
put into preventing the occurrence of PSE. However, modern pig breeds with high lean
3Once formed, AMP is quickly converted to inosine monophosphate (IMP).
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meat content seem to be susceptible for stress which is why PSE meat is still a problem.
In contrary to PSE, reduced metabolic activity can also be observed in the early
postmortem muscle. Very early experimental findings in the 1870’s using rats and rabbits
revealed that this condition is caused by the limited formation of lactate [6, 75]. This
deviation can be found in animals which were exposed to chronic or long term stress
before slaughtering which led to the depletion of stored glycogen [70]. Without glycogen,
no glycolytic acidification occurs. Thus, these muscles have a higher ultimate pH and
develop a more rapid onset of rigor mortis. The high ultimate pH leads to a greater
absorbance than normal. Thus, more incident light than normal is trapped within the
meat rather than being reflected which results in a darker than normal appearance [6].
The high pH causes relatively little denaturation of proteins which leads to firm texture
and high WHC [76]. This quality deviation is commonly known as dark, firm and dry
(DFD) meat. It is also known for its short shelf-life due the higher than normal pH
which leads to a faster microbial spoilage [77]. As PSE, DFD is undesired by most
meat processors, but unlike PSE it became a minor problem as today’s animals are
treated more carefully during the preslaughter handling. However, the DFD deviation
can occasionally be observed while milder forms regularly occur even in modern abattoirs
[70, 78].
2.2.3. Technological Quality Traits
“Uncontrolled variation is
the enemy of quality.”
Edward Deming
Quality is a perceptual, conditional and subjective
attribute which makes it hard to define. For most
consumers, quality is the superiority of something
in comparison to something else of the same cate-
gory. It may also be defined as fitness for purpose.
As for the general term, meat quality is a somewhat subjective term, but there are
objective measurements which are helpful to define meat quality. In general, it is a com-
plex and multivariate property influenced by multiple interacting factors (see Fig. 2.5).
These include intrinsic parameters such as breed, genotype, sex, muscle fiber type and
oxidative capacity of the muscle [79] and external parameters such as climate, tem-
perature, feeding, dietary, fasting, training, preslaughter handling (stress), stunning,
slaughter method, postmortem electrical stimulation, chilling and storage conditions.
These conditions influence the early postmortem metabolism of the muscle cells, which
is indicated by the rate of glycolysis, the enzymatic activity and protein denaturation.
Several techniques and methods were developed to obtain objective information about
the early postmortem conditions in the muscle [80]. These information or quality traits
are pH, concentration of lactate and other metabolites, drip and cooking loss, meat color,
shear force, lean meat content, electrical impedance or conductivity, fat composition and
many more. In opposite to the technological quality traits, subjective parameters can
be obtained by either trained panelists or untrained consumers. Here, categories such
as taste, tenderness, juiciness, palatability and chewiness can be found. These are to
some degree correlated to the objective measurements although a prediction is difficult
and contradictory correlations were reported in the literature (see the discussion of shear
force and tenderness in section 2.2.3.4).
In the following sections, only objective parameters will be discussed which are estab-
lished in meat science, i.e. pH, drip loss, color and shear force. Firstly, the importance of
the parameter for meat quality and its relationship to the early postmortem metabolism
is discussed. Then, a classification chart, based on pH, drip loss and L* value, is intro-
duced. In section 2.2.5, the physical principles of the reference methods to measure these
quality traits are shortly discussed and alternative measuring techniques are evaluated.
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Figure 2.5.: Overview of factors determining meat quality.
2.2.3.1. The pH Value
The pH value has been shown to be the best among the known predictors of technolog-
ical yield and the accuracy and precision is better than that of many other examined
techniques [81]. Two pH values are commonly used for classification of pork in the meat
industry [58, 82–85]:
1. The early postmortem pH (pH45) most often measured 45 min p.m. is indicative
for PSE meat and
2. the ultimate pH (pHu or pH24) measured 24 h p.m. helps to detect the DFD
deviation.
In 1959, an early measurement of the pH of the LD muscle of split pork carcasses was
proposed to diagnose potential PSE quality [82]. At this time, the earliest measurement
that could be conducted at the slaughterline was at 45 min p.m., which is why the
pH45 became the most commonly used early postmortem pH value. The same study
proposed a threshold value of 6.2 for the discrimination between normal and PSE pork,
but also stated that this value only applies for the majority of white muscles with ultimate
pH values in the range from 5.4 to 5.8 pH-units. In red muscles with normal pHu
values above 6.2, the PSE condition rarely appears. In later studies, threshold values
of 𝑝𝐻45 < 6.0 [83, 84] or even < 5.8 [85] were considered as critical values below which
PSE meat develops. At the same time, it was stated that pH measurements alone might
not be reliable predictors of PSE [5], but to date, no suitable, non-invasive surrogate
or auxiliary technique is known. For instance, only a weakly correlation (𝑟 = −0.17)
between pH45 and reflectance was found [86]. However, internal light scattering and
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electrical conductivity measurements, in combination with pH45 and pH24 were shown
to allow for an accurate quality classification in normal, slightly PSE, slightly DFD, PSE
and DFD pork meat [87].
The velocity of early postmortem acidification was shown to be dependent on breed,
genotype, stunning method and muscle fiber type [6, 58]. A linear relationship between
pH fall and lactate formation was reported by Bendall [88]. In the same study, the author
found an exponential relationship between muscle pH and phosphocreatine levels.
The glycolytic potential (GP) affected ultimate pH in pork loin [89]. The GP is the
sum of the concentrations of glycogen, G6P, glucose and lactate [90]. At the same time, a
curvilinear relationship between muscle glycogen content and pHu was reported between
7.2 and 5.7, but below 5.7 distinct variations were observed [64]. Accordingly, at low pH
values the variations in residual glycogen concentration in three porcine muscles were
found to be enormous (10–83mmol/kg) and independent of ultimate pH [91]. Interest-
ingly, loin pHu (𝑁 = 4560) varied significantly with month of slaughter, which might
be explained by the weather, changing slaughtering rates and variable resting periods
before slaughter [92]. Finally, ultimate pH may be useful to predict cooking loss. In
one study, pHu was highly correlated (𝑟 = −0.94) with cooking loss of veal LD muscles
(𝑁 = 12) [93]. In contrary, a correlation between cooking loss and pHu of only 𝑟 = −0.04
was reported for Japanese black steers (𝑁 = 11) in a second study [94]. However, both
studies comprise only few samples which makes it difficult to draw a final conclusion.
2.2.3.2. Drip Loss
Drip loss is defined as the weight loss via exudate during the first days after slaughter.
Therefore, it is of high economical interest due to reduced processing yields [74].
Three “kinds” of water can be distinguished within the muscle: Bound, entrapped (or
immobilized) and free water [58, 95]. Free water is held within the muscle only by weak
capillary force while bound water is closely bound to muscle proteins. Therefore, its
amount is changed very little in post-rigor muscles [96]. However, free and bound water
only make up less than a tenth of the total water in the muscle. On the other hand,
entrapped water is also held within the muscle structure, but it is not as closely bound to
protein as bound water [95, 97]. It is mostly affected by the early postmortem metabolic
processes in the muscle and dependent on alteration (degradation) of the muscle’s cell
structure and lowering of the pH. The latter is of importance due to the isoelectric point
(pI) of the major structural proteins of the muscle, especially myosin (pI = 5.4) [95].
If the pH reached the isoelectric point, the number of positive and negative charges on
the proteins are equal. The minimum charge causes a reduction of the water holding
capacity. As the net charge of the proteins approach zero, the repulsive force between
the proteins is reduced allowing the myofibrils to pack more closely. This is confirmed
by a study using x-ray diffraction measurements at 45 min p.m. where the distance
between myosin filaments of pork LD was shown to be about 46 nm in muscle samples
which were buffered to pH 7.2 [98]. This was considered comparable to the conditions
in the resting muscle. After 3–6 h, the pH has fallen to 5.2–5.5, and the muscle has gone
into rigor mortis. This was accompanied by a decline of the myosin filament separation
to 41–42 nm, hence a reduction of 4–5 nm. Similar results were reported using electron
microscopy [99]. These observations and further studies [96, 100, 101] indicate that the
main source of exudate (drip loss) in pork meat are the myofilament lattice and the
sarcoplasm. Low field nuclear magnetic resonance (NMR) studies revealed that a higher
proportion of water is held in the I-band than in the more dense A-band [102]. The
I-band is shortening during muscle contraction and rigor (see section 2.2.1) hence the
myofibrils are shortening and reducing the intramyofibrillar volume resulting in a water
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flow into the extramyofibrillar space. At this point, the exudate is still contained inside
the muscle bundle, but with on-going rigor, gaps between muscle bundles are forming
by which purge flows from the meat [103, 104].
High DL is related to rapid pH decline [66, 70]. However, only pH45 values above
6.1 had a large effect on drip loss while only a small effect was found for values below
6.1 [71, 105]. This was first observed by Wismer-Pedersen [82] and confirmed by others
[106, 107]. Furthermore, in a study where no samples with 𝑝𝐻45 < 6.0 were measured, a
linear relationship between pH45 and drip loss (bag-drip) was reported [6]. Interestingly,
a relationship of 𝑟 = −0.8 was found between drip loss and pH measured 4 h p.m. in the
longissimus thoracis muscle of twelve veals indicating that the commonly conducted pH
measurement after 45 min may not be optimal [93]. However, the number of samples in
this study was too low for a final conclusion.
Besides antemortem stress, a mutation in the halothane gene is known to cause high
DL by accelerating the Ca2+ ion release, which results in an increase in the postmortem
metabolic rate of the muscle cells [108]. For instance, the Hampshire pig breed is known
for its low water holding capacity (=high DL), which is the result of 70% increase in
muscle glycogen content hence a greater lactate production and a lower ultimate pH
[90]. Similarly, some pig breeds with lower muscle glycogen content are known to yield
meat with improved quality traits [109]. However, pHu was shown to be only loosely
related to drip loss with only 15% explained variation [105], and even if the pH fall was
faster than normal, the ultimate pH may not be below normal ranges [79]. This is in
accordance with other studies, where ultimate pH accounted for only 24% and 52% of
the variation in WHC in porcine muscles [110, 111]. In essence, the ultimate pH is not
a reliable indicator for elevated drip loss.
In addition, drip loss is known to be influenced by the rate of postmortem cooling of
the carcasses, i.e. faster cooling leads to lower drip loss [112]. This can be explained
as the metabolic processes in the muscle are slowed down because low temperatures
reduces to the enzymatic activity. A negative correlation (𝑟 = −0.41) between drip loss
and protein content of the exudate was reported, i.e. the higher the absolute drip loss,
the lower the relative amount of protein [113]. This is caused by the finite amount of
water soluble protein in the muscle. However, the correlation is only moderate hence
cannot be exploited to indirectly measure the drip loss.
2.2.3.3. Color
For the consumer, the color of meat is an important quality attribute as it defines the
initial visual perception of the product [58, 80, 114]. The appearance of meat is influ-
enced by internal factors such as animal genetics, ante- and postmortem conditions and
muscle chemistry and by external factors such as meat processing, packing, distribution,
storage, display and final preparation for consumption [115]. In this work, only fresh
and unpacked meat was used. Hence, only internal factors and contact with air could
have affected the color (L*a*b*) measurements and will be discussed in the following.
The pH decline is known to lead to increased lightness of the meat [6, 116], decreased
penetration depth of light and changes in the light absorption through heme (myoglobin,
hemoglobin) [117]. It is well-known that increased protein denaturation caused by high
temperature and low pH leads to a loss of color intensity [58]. In extreme cases, this leads
to the very pale PSE deviation. The other extreme, DFD, results in a high ultimate pH
which increases oxygen consuming enzyme activity. This reduces the amount of available
oxygen to convert deoxymyoglobin to its red oxygenated state (oxymyoglobin). In equine
muscles, muscle pH, the rate of lactic acid production and lactic acid accumulation were
shown to play a major role in the metmyoglobin reduction via lactate dehydrogenase and
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may also interact with myoglobin and increase its stability [118]. This is confirmed for
porcine muscles as ultimate lactate level and L* were moderately, but linearly related, i.e.
higher levels of lactate resulted in increased paleness during storage [119]. The pHu of
porcine LD muscles was found to be correlated with L* and b* with 𝑟 = −0.81 and−0.73,
respectively [111]. Similarly, the combined change in L*, a* and b* were reported to be
useful for differentiating beef meat of 𝑝𝐻𭑢 < 6.1 and > 6.1 [120]. However, contradictory
correlations between the glycolytic potential and meat color were reported. On the one
hand, weak correlations between GP and L* values of porcine M. longissimus (𝑟 = 0.23
antemortem and 0.31 postmortem) [121] and of loin (𝑟 = 0.33) were reported [122]. On
the other hand, no effect on loin color was found in another study with pork meat [89].
The color of meat is also influenced by breed [123] and muscle type [124, 125], but no
differences in color between gilts and castrates within breeds were found for normal meat
quality [126]. In this study, most of these variations were explained by the pigment con-
tent, myoglobin forms and internal reflectance. The effects of pre-harvest environment
have received recent attention from meat researchers, e.g. pigs born and reared outdoors
were shown to have redder loins than pigs born and reared indoors [127]. Accordingly,
preslaughter handling and stunning methods may also influence meat color [128] and
seasonal effects can alter L* values [92, 129].
The color of meat is not solely related to muscle pigment state but also to the propor-
tion of free water. Increased amounts of free water, which can be found in PSE meat,
may lead to a higher reflective index of the muscle surfaces. Conversely, the dark color
associated to DFD is caused by the increased amount of bound water which reduces
the amount of reflective surfaces [58]. However, when L* values were investigated for
prediction of water-holding capacity, a moderate correlation of 𝑅2 = 0.37 was reported,
and brightness was stated not to be a reliable predictor of WHC [110]. This confirms
former studies in which the authors stated that porcine L* values are only loosely related
to WHC [105, 130].
2.2.3.4. Shear Force
Of all meat quality traits, tenderness is considered to be the most important with regard
to eating quality [131–133].
When the muscle enters the rigor mortis this leads to a steep increase in toughness,
and the highest shear force values can be measured when the muscle is in the rigor
mortis. Subsequently, a continuing tenderization of the muscle can be observed, which
starts with the structural proteins of the Z-disks prior to any proteolysis of other myofib-
rillar proteins [58]. This process is known to be temperature and pH-dependent [134].
Since the 1960’s, it is known that especially the rate and the extent of acidification of
pork muscles have a profound effect upon meat softness [6, 73], although only moderate
correlations with 𝑟 < |0.3| were found between Warner-Bratzler shear force and pH in
pork meat in a recent study [135]4.
There is still an ongoing debate in the meat science community which proteinase is
the main protagonist in the tenderization process although there is an increasing consent
that 𝜇-calpain probably has the greatest proteolytic activity [136–138]. Together with
m-calpain, it is known to split titin, nebulin, filamin, desmin and troponine-T hence
proteins which stabilizes the structure of the myofibrils [139]. In addition, desmin and
vinculin were shown to degrade within 24 h p.m. about 15 and 35%, respectively [66].
Cathepsine proteases only play a minor role during the post-rigor tenderizing [140], but
serine proteases could have a larger influence on meat toughness [141]. At the same
4The study revealed also low correlations between SF and drip loss, L*, a* and b*.
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time, post-rigor calpastatin activity has explained a high proportion of the variation of
meat tenderness [142], and there is a documented link between high calpastatin activity,
limited postmortem proteolysis of troponin-T and high shear force [143, 144]. While the
myofibrillar protein degradation proceeds, the muscle’s connective tissue is relatively
stable in the postmortem period [145].
As beef tenderness is a bigger issue, most studies regarding other parameters influ-
encing tenderness were performed with beef: Muscle temperature [146, 147] and color
[148, 149] of beef have not been found to be useful predictors for tenderness. How-
ever, other studies revealed significantly better shear force values if meat was cooled to
14°C in the pre-rigor period [150] and showed the beneficial influence of level and rate
of cooling during the onset of rigor mortis for beef tenderness [151]. Diverging results
on using early postmortem pH were reported for the prediction of beef tenderness, but
some authors stated that the rate of glycolysis and thus pH decline can affect changes
in meat tenderness [152–154]. Similar results were found in pork [155, 156]. Here, the
pH decline within the initial stages of rigor plays a major role due to the activity of
pH-dependent proteases. However, the pH measured 3 h p.m. (alone) can not be used
as a criterion for sorting beef carcasses into tenderness groups [157]. The same study also
stated that pH48 can be discarded as a predictor for tenderness. Accordingly, ultimate
pH was reported to be only loosely correlated with shear force with 𝑟 = −0.26 [94]. On
the other hand, tenderness of twelve bovine M. longissimus thoracis (LT) muscles were
shown to be correlated with ultimate pH with 𝑟 = 0.83 [93]. However, the sample sizes
was very low in the latter study, hence ultimate pH may only be moderately correlated
to tenderness.
2.2.4. Classification of Meat Quality
PSE and DFD meat are extreme examples of meat quality. Besides these extremes,
several intermediate qualities exist. For instance, in the early 1990’s, reddish, soft and
exudative (RSE) meat has been described at first [158–162]. The lack of a consistent
relationship between color and WHC [110] manifests in the existence of RSE pork with
acceptable color but high drip loss [105] and pale meat samples with low drip loss (pale,
firm, non-exudative - PFN) [110]. Furthermore, a sixth group can be found: Acid meat.
This quality is characterized by a high pH45 but unusual low ultimate pH which results in
high drip loss and low fresh meat quality [90]. It was firstly described in the Hampshire
breed in France, but can also be found in pigs of other breeds with a higher than normal
muscle glycogen level.
In summary, quality traits required for the quality classification discussed in literature
are pH45, pH24, drip loss and L* value. Therefore, a flowchart (see Fig. 2.6) for the
quality classification of pork meat (𝑁 = 156) was developed in the framework of the
cluster project „Minimal Processing“ [163]. It is based on the parameters described in
the literature which are summarized in publication 3. Here, drip loss was deemed the
most important quality trait followed by pH24, pH45 and L* value. In the flowchart, the
subclasses PSE- and DFD-tendency had to be introduced due to
• 26 samples which had high drip loss and pale color but did not meet the PSE
criterion of p𝐻45 < 5.8 and
• 8 samples with low drip loss and L* values but with a pH24 between 5.7 and 6.0
hence samples which did not meet the DFD criterion of p𝐻24 > 6.0.
The DFD-tendency samples also revealed lower than normal lactate concentrations 24 h
post mortem indicating the reduced early postmortem acidification which is typical for
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Figure 2.6.: Flowchart for the classification of meat quality based on drip loss (DL),
pH24, pH45 and L* value.
DFD meat. The subclasses PSE- and DFD-tendency can also be found in literature as
slightly PSE or slightly DFD [87].
2.2.5. Measurement of Quality Traits
In this section, the reference measurements for pH, drip loss, color (L*a*b*) and shear
force will be discussed. Firstly, the theoretical principles, the experimental designs
and flaws of the standard techniques to measure the reference parameters are outlined
and secondly, alternative (mostly spectroscopic) methods as well as advantages and
disadvantages of those techniques are discussed.
2.2.5.1. The pH Value
The pH is a measure of the acidity or basicity of an aqueous solution and is defined as
the negative decimal logarithm of the hydrogen ion activity 𝑎𭐻+ in a solution [164]:
𝑝𝐻 = −𝑙𝑜𝑔10(𝑎𭐻+) (2.7)
Typically, the pH in meat is measured with puncture electrodes. In principle, the pH
measurement is based on a voltage measurement of an electric potential difference be-
tween an internal reference and a glass electrode (in most cases, a pH electrode is used).
As reference electrodes, a metal-ion compound such as silver/silver chloride or mer-
cury/mercury chloride is commonly used. Its main characteristics are good reproducibil-
ity and high speed in which its equilibrium potential is adjusted.
The general technical flaws of puncture electrodes are numerous: The glass probe tip
can easily break and must be kept wet at any times to avoid dehydration, the resistance
of the diaphragm can deteriorate and the electrodes can oxidize which alters their con-
ductivity. Advanced pH sensing systems minimize some of these disadvantages [165].
However, additional sources for erroneous pH measurements with puncture electrodes
in meat are known such as contamination of the probe tip and diaphragm, technical
malfunction of pH meters due to battery voltage, operating temperature or internal
condensation on circuit components and failure to measure at sufficient or standardized
depth [6]. Additionally, the meat is penetrated by the electrode which leads to sample
destruction. The error of the pH measurement may be ≲ 0.01 pH-units in aqueous
solutions, but it is increased up to 0.05 pH-units when the ultimate pH of porcine LD
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Table 2.2.: Overview of techniques for the pH measurement. Prep. = Sample prepa-
ration, NMR = nuclear magnetic resonance, VIS = visible, NIR = near-
infrared, R = reflectance, A = absorption, T = transmission, FOP = fiber
optical probe, HI = hyperspectral imaging, EI = electrical impedance, EC =
electrical conductivity, inv. = invasive, LD = M. longissimus dorsi, TM =
M. teres major, SM = M. semimembranosus, ST = M. semitendinosus, LDT
= M. longissimus dorsi thoracis.
Method Species (Muscle) Samples Prep. R2 RMSEC Ref.
Electrode Pork (LD) 34 no <0.05a [166]
Electrode Pork (LD) 296 no 0.05b [167]
31P-NMR Erythrocytes yes [168]
31P-NMR Pork (LD) 15 yes [169]
1H-NMR Pork (LD) 98 yes 0.21–0.49 [170]
NMR Beef (LD)c 22 no [172]
VIS-R Pork (LD) 25+25 no 0.53–0.55 [174]
NIR-A Beef (LD)c 12 no 0.07–0.53 [175]
NIR Beef (LD)c 22 no [172]
NIR Pork (Duodenum) 6 in vivo 0.89–0.90 0.04–0.05 [173]
VIS-NIR Pork (LD) 121+175 yes/no 0.59–0.71 0.08–0.09 [167]
NIR-R Beef (6 muscles) 11 no 0.74 0.05 [94]
NIR-R Rabbit (TM) 5 in vivo 0.98 0.02 [176]
NIR-R Pork (LD, SM) 46 no/yes 0.14–0.63 0.08–0.12 [177]
NIR-T Beef (6 muscles) 11 no 0.58 0.07 [94]
NIR-FOP Beef (6 muscles) 11 no 0.61 0.06 [94]
NIR-HI
Lamb
42 no 0.72 0.08 [179]
(ST, SM, LD)
NIR-HI Pork (LD) 80 no 0.28–0.30d 0.07 [180]
NIR-HI Pork (LD) 75 no 0.87–0.91 0.08–0.10 [111]
L*a*b* Beef (LDT) 31 no [120]
EI+EC Beef (LD) 47 inv. <0.34 [182]
a Averaged standard deviation (SD) for 3 ultimate pH measurements at the same slice
b Within-sample SD of ultimate pH measurement
c Early postmortem spectra
d Cross-validation
muscle is measured [166, 167] and is even larger in early postmortem pork meat. Due
to the numerous flaws of puncture electrodes, pH measurements are rarely performed in
abattoirs.
Therefore, several spectroscopic techniques were investigated to (non-invasively) mea-
sure the pH in situ or in vivo such as nuclear magnetic resonance (NMR), near-infrared
(NIR) and visible (VIS) spectroscopy and hyperspectral NIR imaging. In Tab. 2.2, an
overview of the presented techniques is provided. In 1973, pulsed Fourier transform 31P-
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NMR spectroscopy was shown to be able to determine intracellular pH in erythrocytes
by using the chemical shifts of 2,3-diphosphoglycerate and inorganic phosphate [168].
Although the authors stated an accurate determination of the intracellular pH, no R2
was provided. However, the samples had to be treated with carbon monoxide, and the
integration time varied from several minutes to one hour. Other authors studied post-
mortem changes in pig muscles (𝑁 = 15) achieving good agreement between 31P-NMR
and electrochemical pH values above pH 6.2, but below pH 6.2 they observed a sys-
tematic discrepancy [169]. Again, sample preparation was necessary: The muscles were
dipped in paraffin oil and put into 10-mm NMR tubes. Using 1H-NMR spectroscopy
and preprocessed porcine LD muscles (𝑁 = 98), correlations with 𝑟 = 0.7, 𝑟 = 0.69
and 𝑟 = 0.46 were found for pH30, pH60 and pHu, respectively [170]. A quantitative
statistical discussion of the application of 31P-NMR for in vivo pH measurements in
breast carcinoma tissue showed errors of 0.04 pH-units due to baseline effects, whereas
calibration uncertainties caused variations between 0.05 and 0.1 pH-units [171]. Using
NMR measurements of the T2 relaxation time of the water protons in early postmortem
bovine LD muscle, a relatively clear separation between slow, medium and fast pH fall
was observed in PCA score plots [172].
In the same study, VIS-NIR measurements (400–2498 nm) revealed only little variation
and no consequent relation to pH. On the other hand, more promising correlations with
NIR spectroscopy were achieved using partial least-square regression (PLSR) to predict
the pH measured in the duodenum of six pigs during hemorrhagic shock [173]. The
authors reported 𝑅2 = 0.90 during ischemia (anaerobic metabolism) and 𝑅2 = 0.89 dur-
ing reperfusion (aerobic). However, to compensate for systematic discrepancies between
different animals, subject-specific offsets had to be applied. By this means, an averaged
root mean squared deviation of 0.042 and 0.045 pH-units was calculated for ischemia
and reperfusion, respectively. With VIS-NIR spectra in the range from 400–2500 nm,
pH24 was predicted with RMSECV’s between 0.09 and 0.11 pH-units using a calibration
and validation set of 121 and 175 intact and minced porcine LD muscles, respectively
[167]. These predictions are promising considering the within-sample standard devi-
ation of 0.05 pH-units. Comparing different techniques of near-infrared spectroscopy
(reflectance, transmittance, fiber optics (FOP)), best correlation with pH (𝑟 = 0.74) was
achieved using reflectance spectra [94]. However, the study used six different muscles
from only eleven steers. Using a fiber optic probe, the reflectance spectra between 600
and 700 nm and 25 normal and 25 PSE porcine LD muscles revealed a moderate corre-
lation with pH24 of R
2 between 0.53 and 0.55 [174]. Likewise, a moderate correlation
coefficient of 𝑟 = −0.27 to −0.73 was reported between pH45 and the absorbance of
different wavelengths in the near-infrared (700–1000 nm) by bovine LD muscles [175].
Investigations with five teres major (TM) muscles from rabbits during ischemia and
reperfusion showed a close correlation (𝑅2 = 0.98) between near-infrared reflectance
spectra and muscle pH in the range 6.4–7.1 [176]. More closely related to this thesis, an
attempt to predict the pH of intact and minced porcine LD (𝑁 = 46) and SM (𝑁 = 46)
muscles using reflectance spectra in the visible and near-infrared region yielded R2 of
0.14–0.63 and RMSEC of 0.08–0.12 pH-units [177]. Astonishingly, no difference between
intact and minced samples was found. However, no validation was performed.
In neither of these studies investigating near-infrared spectroscopy, the accuracy of
the pH measurements was satisfying when applied to (pork) meat. Also, no detailed
information were given what spectral features were used for the pH prediction or how
differences in the pH value were reflected in the NIR spectra. That is explained by two
major flaws of NIR spectroscopy:
1. The measurement of (N)IR spectra of biological matter is complicated by its high
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water content. In general, the water molecule reveals vibrational transitions, which
give rise to the increasing absorption from the visible to the mid-IR region. Espe-
cially the 𝜇-band around 6.3𝜇m (1650 cm-1) produces a broad absorbance across
the fingerprint region between 500 and 1800 cm-1 [178].
2. The overtones of fundamental molecular vibration modes are measured, which
are often overlapped to yield broad bands that do not provide high resolution
spectroscopic fingerprints. This limits the accuracy of the biochemical profiling of
biological tissue – especially of meat – with NIR spectroscopy [48].
The traditional NIR systems have another disadvantage of measuring relatively small
spots hence requiring several measurements to obtain an averaged result that may still be
not truly representative. Furthermore, samples exhibiting variation within the assessed
region regarding their composition of meat, fat and connective tissue can affect the results
according to the location of the measurement. Therefore, hyperspectral NIR imaging
was developed which is capable of scanning the whole sample in the NIR wavelength
range. A study investigating the application of this technique (900–1700 nm) for the
prediction of pH in lamb meat (𝑁 = 42) showed good correlations with 𝑅2𭑐𭑣 = 0.65 and
𝑅𝑀𝑆𝐸𝐶𝑉 = 0.09 pH-units [179], but the pH variance was achieved by using samples of
semitendinosus (ST), SM and LD muscles. This experimental flaw was avoided in a study
using the same technique and 80 pork meat samples. With six selected wavelengths, only
inferior results were achieved with coefficients of determination 𝑅2𭑐𭑣 = 0.28 − 0.30 and
𝑅𝑀𝑆𝐸𝐶𝑉 = 0.15 − 0.21 pH-units [180]. Better correlations were recently reported with
ultimate pH of porcine LD muscles (𝑁 = 75) with R2 between 0.88 and 0.91 and RMSEC
below 0.1 pH-units using different preprocessing methods for the NIR images and sub-
sequent wavelength reduction [111]. These results have only slightly deteriorated under
cross-validation (𝑅2𭑐𭑣 = 0.84 − 0.87, 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.10 − 0.11 pH-units). However, it is
unlikely that hyperspectral imaging will be implemented in on-line industrial application
due to time constraints in image acquisition and pre- and post-processing routines of the
image [181]. On the other hand, as the studies have shown, only 5–7 spectral channels
were necessary to achieve similar results in comparison to models relying on the complete
spectral range. In future, this could be used to design a much simpler instrument which
may rapidly and non-invasively measure the pH in meat.
Using electrical impedance (EI) and conductivity EC) measurements in the time frame
from 7 hours to 7 days, low coefficients of correlation with 𝑟 < |0.58| were achieved using
bovine LD muscle and pH values which were measured with a puncture electrode 2, 5
and 7 hours after slaughter [182].
To this point, no studies were published investigating the applicability of in-situ Ra-
man spectroscopy for the measurement of pH in meat or any biological tissue.
2.2.5.2. Drip Loss
Five methods to measure the drip of post-rigor meat are known and used: (1) the
press-drip method [183], (2) the capillary volumeter method [184], (3) the filter paper
method [185] and (4) the direct measurement by bag drip [6] or (5) by suspending the
meat sample in a box [186]. The last method was firstly described by Honikel and
was used for the reference analysis in this work. Thereby, the drip loss is expressed as
percentage weight loss. The error for the drip loss measurement using the plastic bag
method was reported between 0.3 and 1.3% [166] and 24 and 48 h p.m., an error of 1.1
and 1.3% was found, respectively [167]. Using the box method, the reference error was
0.75% [187].
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Table 2.3.: Overview of techniques for the measurement of drip loss. Prep. = Sam-
ple preparation, inv. = invasive, NMR = nuclear magnetic resonance, VIS
= visible, (N)IR = (near-)infrared, R = reflectance, A = absorption, T =
transmission, FOP = fiber optical probe, HI = hyperspectral imaging, R-SF
= reflectance spectrofluorometer, EI = electrical impedance, EC = electrical
conductivity, LD = M. longissimus dorsi, ST = M. semitendinosus, SM =
M. semimembranosus.
Method Species (Muscle) Samples Prep. R2 RMSEC/% Ref.
bag drip Pork (LD) 34 inv. 0.3-1.3a [166]
bag drip Pork (LD) 296 inv. 1.1–1.3a [167]
box drip Pork (LD) inv. 0.8a [187]
1H-NMR Pork (LD, ST) 39 yes 2.0–2.1 [189]
IR Pork (LD)c 41+66 no 0.79–0.89 0.9–1.4b [7]
NIR Pork (LD) 312 yes 2.2–2.6b [188]
NIR Pork (LD) 121+175 y+n 0.49–0.81 1.3–2.5 [167]
NIR Pork (LD, ST) 39 no 2.4 [189]
NIR Pork (LD)c 99 inv. 0.71 1.8 [190]
NIR Pork (LD) 96 no 0.55 1.0 [135]
NIR-R Beef (LD) 173/176 no 0.51–0.54b 0.8–0.9b [191]
NIR-T Beef (LD) 166/167 no 0.38–0.40b 1.0b [191]
NIR-HI Lamb (LD, SM, ST) 42 no 0.84 0.2 [179]
NIR-HI Beef (LD,PM, ST) 27 no 0.89–0.92 0.2–0.3 [181]
NIR-HI Pork (LD) 80 no 0.61b 1.1–1.2 [180]
NIR-HI Pork (LD) 75 no 0.86–0.91 0.6–1.0 [111]
VIS-R Pork (LD, ST) 39 no 2.1 [189]
FOP Pork (LD, ST) 39 inv. 2.5 [189]
R-SF Pork (LD, ST) 39 no 2.3 [189]
EI+EC Beef (LD) 47 inv. 0.11–0.23 [182]
EI Pork (LD)c 99 inv. 0.5 2.5 [190]
Raman Pork (LD)c 14 no 0.96 0.3b [7]
a Averaged standard deviation from repeated DL measurements at the same slice
b Cross-validation
c Early postmortem spectra were used for the prediction
The drip loss measurement is time-consuming, invasive and can only be conducted
some days (dependent on method) after slaughter. Therefore, several techniques were
tested to replace the standard methods (see Tab. 2.3). Investigating the predictabil-
ity of drip loss of minced porcine LD (𝑁 = 312), RMSECV’s between 2.2 and 2.6%
were achieved using near-infrared spectra and different chemometric approaches [188].
Compared to the reference error of 0.3–1.3% and the standard deviation in the data
set of 3.1% the prediction accuracy was unsatisfactory. Similar prediction results were
2.2. Meat 31
achieved with NIR spectroscopy (𝑅𝑀𝑆𝐸𝐶𝑉 = 1.6 − 2.6%) [167], a fiber optical probe
(FOP, RMSEC=2.5%), a visual (VIS-R, 2.1%) and near-infrared (NIR, 2.4%) re-
flectance spectrophotometer, a reflectance spectrofluorometer (R-SF, 2.3%) and a low-
field 1H nuclear magnetic resonance instrument (1H-NMR, 2.0–2.1%) [189].
Another study using fresh pork (𝑁 = 99) reported better results with 𝑅2 = 0.71 and
𝑅𝑀𝑆𝐸𝐶 = 1.8%. Here, near-infrared reflectance measurements in the spectral range
from 900 to 1800 nm were used which were obtained – early postmortem – 30 min p.m.
[190]. However, the fiber optic probed used to obtain the NIR spectra was inserted in
the LD muscle, it took 30 s to acquire a useful spectrum with this instrument and the
accuracy of this method was still too low. Another study using near-infrared reflectance
spectroscopy achieved better correlations with 𝑅2 = 0.55 and 𝑅𝑀𝑆𝐸𝐶𝑉 = 1.1% [135].
Drip loss values and NIR-R spectra were obtained 2 days p.m. using 96 porcine LD
muscles and were correlated using stepwise multiple linear regression and partial least
squares regression. Using bovine LD (𝑁 = 189) and near-infrared reflectance and trans-
mission spectra (935–2327 nm) measured at day 2 after slaughter, promising results were
reported with 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.9% and 1.0%, respectively [191]. However, as the authors
stated, with 𝑅2𭑐𭑣 in the range from 0.38 to 0.54, the accuracy of the predictive models
under cross-validation seemed too low. Hence, in case of drip loss, the predictive power
of classic NIR measurements is limited.
Using three muscles of lamb, a very good correlation (𝑅2𭑐𭑣 = 0.78, 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.3%)
between drip loss and hyperspectral NIR images was reported [179]. Similar results were
reported by the same group with bovine LD, M. psoas major (PM) and ST muscles
[181]. However, as different muscles were included in a single PLSR model to increase
the variance in DL, it seems reasonable to assume that the different color of the muscles
was exploited by the PLSR model to indirectly “predict” the DL. Another perspective
is provided by a third study in which the same technique was investigated, but here,
the authors used only porcine LD muscles (𝑁 = 80). Good correlations (𝑅𝑀𝑆𝐸𝐶 =
1.1−1.2%, 𝑅2𭑐𭑣 = 0.61) were achieved with six selected wavelengths, but the 𝑅𝑀𝑆𝐸𝐶𝑉 =
2.3 − 2.6% seems, again, too high [180]. Better results were reported using also porcine
LD muscle with 𝑅2 = 0.86−0.91 and 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.7−1.1% evaluating different image
preprocessing methods and using wavelength selection [111]. To this point, due to the
contradictory results, it is difficult to evaluate the potential of this technique to predict
the drip loss of meat, but, as stated above, it is unlikely that NIR hyperspectral imaging
will be applied at the slaughterline due to the long acquisition times of the NIR images.
The drip loss was shown to be only weakly correlated with electrical impedance and
conductivity measurements [182]. Accordingly, impedance measurements in another
study were shown to have limited predictive power yielding a correlation of 𝑟 = 0.5 and
𝑅𝑀𝑆𝐸𝐶 = 2.5% with 24 h drip loss [190].
A study closely related to this thesis was published in 2003, investigating the early
prediction of WHC in porcine LD muscle (𝑁 = 41) by infrared absorption and Raman
spectroscopy [7]. Preliminary studies revealed a good correlation between early post-
mortem IR spectra (600–4000 cm-1) and drip loss (𝑟 = 0.89) which was later confirmed
under industrial conditions with 66 pigs (𝑟 = 0.79). Interestingly, Raman spectra were
additionally obtained during the preliminary study 10–30 min after slaughter from the
same muscle (𝑁 = 14). PLSR correlation yielded 𝑟 = 0.98 and 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.3% using
spectra from 500 to 3200 cm-1. As the authors stated, such an extraordinary good PLSR
model is perhaps unrealistic due to overfitting, which seems reasonable considering the
low number of meat samples. However, it was also stated, that “it certainly deserves
further attention in future studies”, but no further studies investigating the potential
of Raman spectroscopy to measure or predict WHC or drip loss were published after
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this. In the same study, several reference spectra of essential energy metabolites were
presented and showed that the authors intended to work on the understanding of the
early postmortem Raman spectra, but the use of a borrowed LabRam Raman microscope
limited the number of samples to 14. Also, Raman spectra with only 2 repetitions and
60 s integration time were measured with a 632 nm laser diode with only 5mW reaching
the sample. Hence, no detailed understanding of the early postmortem Raman spectra
of (pork) meat was achieved in this study.
2.2.5.3. Color
In general, color can be expressed as a point in a three-dimensional color space such as
the L*a*b* color space. Here, L* represents the lightness, a* represents red and green
while b* represents blue and yellow (see Fig. 2.7). Besides the CIE L*a*b*, the CIE
XYZ (see below) and the Hunter Lab color space are widely used.
Figure 2.7.: Representation of the CIE
L*a*b* color space.
The CIE L*a*b* values are defined via
the color matching functions ̄𝑥(𝜆), ̄𝑦(𝜆)
and ̄𝑧(𝜆), which are the numerical descrip-
tion of the chromatic response of the hu-
man observer and were experimentally de-
termined in the late 1920’s [192, 193]. On
the one hand, these functions depend on
the sensitivity of the human cone cells (see
Fig. 2.8 left). On the other hand, due to
the distribution of the cone cells in the
eye, these functions also depend on the ob-
server’s field of view. Therefore, the color
matching functions differ slightly from the
cone sensitivity function as can be seen
in Fig. 2.8 on the right-hand side. Dur-
ing the first experiments to determine the
color matching functions, only the chro-
matic response within a 2° arc inside the
fovea was measured which is why the name
CIE 1931 2° Standard Observer has become established. This angle was chosen due to
the belief that the color-sensitive cone cells reside within a 2° arc of the fovea. In later
years, 10° experiments were also conducted but these functions are less commonly used.
With ̄𝑥(𝜆), ̄𝑦(𝜆) and ̄𝑧(𝜆) and the spectral power distribution 𝐼(𝜆) of the light source,













which span the CIE XYZ color space and are used to define the L*a*b* values:
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Figure 2.8.: (left) The sensitivity of human eye cone cells for short (blue), middle (green)
and long (blue) wavelengths (based on data from [194]) and (right) the
color matching functions ̄𝑥(𝜆), ̄𝑦(𝜆) and ̄𝑧(𝜆) of the CIE 1931 2° Standard
Observer.































and where 𝑋𭑛, 𝑌𭑛 and 𝑍𭑛 are the normalized tristimulus values of a specified white
object. 𝑌𭑛 is defined as 100 whereas 𝑋𭑛 and 𝑍𭑛 are tabulated for different illuminants.
The some-what odd definition for the L*, a* and b* values is intended to mimic the
nonlinear response of the human eye. Furthermore, uniform changes of components in
the L*a*b* color space aim to correspond to uniform changes in the perceived color. The
division of the domain of 𝑓(𝑡) into two parts was included to prevent an infinite slope at
𝑡 = 0. As a small value of ( 629)
3
≈ 0.009 is arbitrarily chosen, the slope of the line must




to ensure differentiability in the domain of the function 𝑓(𝑡) while
the intercept of 429 must be chosen to ensure 𝐿
∗(0) = 0. Finally, the scaling values 500
and 200 in equation 2.12 and 2.13 are included to increase the a* and b* values to the
same order of magnitude as L* (which is between 0 and 100).
Several different instrumental color measures are available which are not comparable
due to different color spaces, illuminants, standard observers and aperture sizes [195].
In addition, it was stated that the blooming time prior to the color measurement with
meat affected a* and b* (but not L*) and therefore has to be considered if one intend
to make comparisons. The error of the L*a*b* measurement was reported to be 3.1 for
L*, 1.0 for a* and 0.9 for b* [167] (see Tab. 2.4).
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Table 2.4.: Overview of techniques for the L*a*b* measurement. Prep. = Sample prepa-
ration, VIS = visible, (N)IR = (near-)infrared, R = reflectance, T = transmis-
sion, HI = hyperspectral imaging, EI = electrical impedance, EC = electrical
conductivity, LD = M. longissimus dorsi, SL = strip loin.
Method Species (Muscle) Samples Prep. R2 RMSEC Ref.
L* Pork (LD) 296 no 3.1a [167]
Panel Pork (LD) 21 yes <0.1 [197]
NIR Pork (LD) 121+175 yes+no 0.37–0.65 2.2–2.8 [167]
VIS-NIR Beef (SL) 24 no 0.78–0.90 [199]
NIR-R Beef (LD) 170/179 no 0.83–0.85b 1.5–1.6b [191]
NIR-T Beef (LD) 169/167 no 0.64–0.68b 2.2–2.4b [191]
NIR-HI Pork (LD) 80 no 0.62–0.74b 1.8–2.1 [180]
NIR-HI Pork (LD) 75 no 0.89–0.94 1.2–1.7 [111]
EI+EC Beef (LD) 47 no 0.10–0.12 [182]
a* Pork (LD) 296 no 1.0a [167]
NIR Pork (LD) 121+175 yes+no 0.55–0.89 0.6–1.2 [167]
VIS-NIR Beef (SL) 24 no 0.78–0.90 [199]
NIR-R Beef (LD) 171/179 no 0.39–0.49b 1.2–2.0b [191]
NIR-T Beef (LD) 170/168 no 0.19–0.35b 1.2–2.5b [191]
NIR-HI Pork (LD) 75 no 0.82–0.86 0.4–0.5 [111]
EI+EC Beef (LD) 47 no 0.10–0.14 [182]
b* Pork (LD) 296 no 0.9a [167]
NIR Pork (LD) 121+175 yes+no 0.58–0.77 0.8–1.1 [167]
VIS-NIR Beef (SL) 24 no 0.78–0.90 [199]
NIR-R Beef (LD) 171/178 no 0.73–0.75b 0.8–1.0b [191]
NIR-T Beef (LD) 170/168 no 0.44–0.56b 1.1–1.5b [191]
NIR-HI Pork (LD) 75 no 0.90–0.92 0.4–0.5 [111]
EI+EC Beef (LD) 47 no 0.10–0.23 [182]
a Within-sample standard deviation of L*, a* or b* measurement
b Cross-validation
In contrast to pH and drip loss, the L*a*b* measurement is non-invasive, fast and
the technique is robust, although the meat color early postmortem is not indicative for
the ultimate color values 24 h p.m. [196]. Hence, rather few studies evaluated sur-
rogate methods and techniques to measure meat color (see Tab. 2.4). For instance,
panelists can be trained to evaluate meat color in the L*a*b* color space. Interestingly,
the assessment of b* was difficult for the panelists whereas L* and a* were perceptible
[197]. Using digital camera images may have distinct advantages over the traditional
L*a*b* measurement such as representative assessment, accountability for surface vari-
ation in myoglobin redox state and convertibility in different color spaces. In addition
to L*a*b*-values, sensory color scores of trained panelists can be predicted from digital
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images with use of multilayer neural networks (𝑟 = 0.75) and a partial least squares
method (𝑟 = 0.52) [198].
Good results were achieved with near-infrared spectroscopy for the assessment of
L*a*b* values of intact and minced porcine LD muscles (calibration set: 𝑁 = 121, vali-
dation set: 𝑁 = 175) [167]. The authors reported minimal RMSECV of 2.4 for L*, 0.8
for a* and 0.9 for b* in the calibration set and comparable results for the validation set
[167]. Using near infrared reflectance (NIR) and visible spectroscopy, Hunter Lab values
of beef meat (strip loins, SL) were predicted with good correlations (𝑅2 = 0.78 − 0.90)
accounting for 55–90% of the variability [199]. Likewise, good correlations between NIR-
R and NIR-T spectra and L* (𝑅2𭑐𭑣 = 0.85) and b* (𝑅
2
𭑐𭑣 = 0.75) were reported [191].
Promising results were also achieved with 𝑅2𭑐𭑣 of 0.62–0.74 and RMSECV of 3.2–3.9 us-
ing hyperspectral NIR imaging to predict L* values of pork meat [180]. The results were
even improved recently and the potential of this method to measure a* and b* values
was also shown [111]. In essence, NIR spectroscopy can accurately measure the current
meat color, but, to date, no study investigating the predictability of L*a*b* values from
early postmortem NIR spectra was published.
Likewise, no studies are yet published investigating the application of Raman spec-
troscopy to measure or predict meat color.
2.2.5.4. Shear Force
Tenderness is a complex quality trait because the objective measurement is complicated
due to its multicausal nature [58]. Tenderness is influenced by several interacting factors
such as the age of the animal, breed, collagen and fat content, cut, muscle fiber com-
position, pre- and post-slaughter handling, proteolytic enzyme activity, ageing and, of
course, cooking time and temperature [58, 200]. Therefore, tenderness cannot be objec-
tively measured by one method or technique. As a matter of fact, human panelists are
usually the ultimate measure for tenderness. Due to the high costs of trained panelists,
mechanical methods were developed of which the Warner-Bratzler shear force (WBSF)
test is the most widely used and accepted objective parameter if tenderness is evaluated.
On the one hand, it yields high correlations with sensory panel scores for tenderness
[147, 157], but on the other hand, the mechanically determined shear force was also
reported to be poorly correlated (𝑅2 = 0.15) with tenderness in another study [46]. The
method is destructive, time-consuming and has a high margin of error (see Tab. 2.5).
Alternative methods to replace the classic WBSF measurement are summarized in
Tab. 2.5. Many of these studies used beef cuts because tenderness is an issue in
bovine muscles but less important in pork. Using a visible near-infrared spectrome-
ter (400–2500 nm) and different subprimals (𝑁 = 100) from beef carcasses, only a low
correlation was found between the observed and predicted shear force which indicated
that the VIS-IR system did not predict specific tenderness values [201]. VIS-NIR spectra
were measured at 2 d p.m. while WBSF was obtained 14 d after slaughter.
Numerous studies using near-infrared reflectance spectroscopy were published inves-
tigating its potential to predict WBSF. The first study in this field was published in
1991 [94]. High correlation coefficients were obtained for WBSF of beef cuts with
𝑟 = 0.80−0.83 using three different techniques of near-infrared spectroscopy (reflectance,
transmittance, fiber optic probe). However, six different muscles were combined in this
study, which leaves the question whether the prediction of WBSF would be equally
promising if only one muscle was used. In a second study, reflectance and transmis-
sion mode were compared using ten bovine LD muscles [202]. Principal component
regression (PCR) yielded correlation coefficients in the range from 𝑟 = 0.54 − 0.89 and
𝑅𝑀𝑆𝐸𝐶𝑉 = 6− 10N for the reflectance spectra. The predictive ability of the transmit-
36 2.2. Meat
Table 2.5.: Overview of techniques for the shear force measurement. Prep. = Sample
preparation, WBSF = Warner-Bratzler shear force, VIS = visible, (N)IR =
(near-)infrared, R = reflectance, T = transmission, . FOP = fiber optic
probe, HI = hyperspectral imaging, USE = ultrasonic elastogram, EI = elec-
trical impedance, EC = electrical conductivity, SM = M. semimembranosus,
LD = M. longissimus dorsi, LL = M. longissimus lumborum, LDL = M.
longissimus thoracis et lumborum.
Method Species (Muscle) Samples Prep. R2 RMSEC/N Ref.
WBSF Pork (SM) 64–156 yes 4–5 a
VIS-IR Beef (Rib eye) 100 no lowb [201]
NIR-R Beef (6 muscles) 11 no 0.83 6.2 [94]
NIR-R Beef (LD) 10 no 0.29–0.79 5.7–10.4c [202]
NIR-R Beef (LD) 70 no 0.37–0.67 [203]
NIR-R Beef (LD) 119 no 0.67 12.0 [204]
NIR-R Beef 48 no 0.52–0.83 [205]
NIR-R Beef (LD, SM) 75 no 0.26 (LD) [206]
NIR-R Beef (LD)d 127 no 0.47–0.55 14.9–18.1c [207]
NIR-R Pork (LD) 96 no 0.20 7.0 [135]
NIR-R Beef (LD) 172–174 no 0.12–0.25c 7.7–11.2c [191]
NIR-R Beef (LL) 768 no b [208]
NIR-R Beef (LD) 146+146 no 0.22–0.38 [210]
NIR-T Beef (LD) 167–170 no 0.15–0.41c 8.0–9.6c [191]
NIR-T Beef (6 muscles) 11 no 0.80 6.8 [94]
NIR-T Beef (LD) 10 no lowb [202]
NIR-FOP Beef (6 muscles) 11 no 0.80 6.8 [94]
NIR-HI Beef (2 muscles) 44+17 no 0.45 [211]
USE Beef ? no 0.72–0.95 [212]
EI+EC Beef (LD) 47 no 0.42–0.46 [182]
EI Lamb (LL) 6 no 0.23/0.97 [213]
Raman Beef 52 yes 0.75 6.3c [46]
Raman Pork (LD) 54 yes+no 0.77 10.8–11.0c [44]
Raman Sheep (LDL) 70+70 yes 0.79–0.83 2.4–3.0 [45]
a This work
b No r or R2 values were provided
c Cross-validation
d Early postmortem spectra
tance spectra was poor due to a small wavelength range (850–1050 nm). Similar results
were achieved using 70 heifers with the same spectroscopic (750–1098 nm) and chemo-
metric approach with 𝑟 between 0.61 and 0.82 for the correlation with WBSF [203]. By
expanding the spectral range to 1100–2498 nm, good results were reported for PLSR
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(𝑅2 = 0.67, 𝑅𝑀𝑆𝐸𝐶 = 12N) and MLR (𝑅2 = 0.67) calibration models using M. longis-
simus thoracis (LT) of beef (𝑁 = 119). Equally good PLSR validation results (𝑅2 = 0.63,
𝑅𝑀𝑆𝐸𝑃 = 13N) were reported using bovine LD muscles [204], which is also comparable
to a later study in which prediction models from NIR spectra yielded coefficients of de-
termination of 0.52–0.83 [205]. Contrary to those findings, only a moderate correlation
with 𝑟 = 0.51 was found for bovine LD muscles and no useful prediction was achieved
for the SM muscle [206]. Another study using NIR spectroscopy (1100–2500 nm) found
that the spectral changes during rigor mortis were not related to the ageing potential of
the individual beef loin samples (𝑁 = 127) [207]. Accordingly, the authors reported only
low correlation coefficients from 0.47 to 0.55. In newer studies, no correlation between
WBSF and NIR reflectance spectra was found using pork meat [135]. Accordingly, with
bovine LD muscles (𝑁 = 189) low coefficients of determination during cross-validation
(𝑅2𭑐𭑣) of 0.12–0.25 and 0.15–0.41 were reported using near-infrared reflectance and trans-
mission spectra, respectively [191]. In the same study, the prediction of WBSF measured
at day 8 after slaughter from NIR-R and NIR-T spectra from day 2 yielded only low
correlations with 𝑅2𭑐𭑣 = 0.19 and 0.15, respectively. In summary, NIR spectra revealed
good correlations with WBSF in some cases but, in general, this technique lacks the
required accuracy.
Nevertheless, portable NIR-R instrumentation was developed [208] and is commer-
cially available for the classification of beef carcasses [209, 210]. In a large study us-
ing 768 bovine longissimus lumborum (LL) muscles, the NIR system was able to sort
tough from tender LL samples to 70% certification levels [208]. Shackelford et al. have
developed a commercially available tenderness prediction system based on visible and
near-infrared reflectance spectroscopy that could be used on-line to identify carcasses
that excel in longissimus tenderness [209, 210].
Another approach has shown that extracting wavelet textural features from ultrasonic
elastogram (USE) images can predict WBSF scores after aging for 2, 14, 28 and 42 days
with promising 𝑅2’s between 0.72 and 0.95 [212]. In contrast, electrical impedance and
conductivity measurements were only moderately correlated with WBSF of bovine LD
muscle (𝑁 = 47) yielding 𝑟 = 0.68 and −0.65, respectively [182]. More recently, high
resolution impedance spectroscopy was reported to be used to screen meat into tender
or tough categories at 1 day p.m. (𝑅2 = 0.97), but in the same study, no significant
correlation (𝑅² =0.23) with 5-day shear force was found [213].
In this very active field, Raman spectroscopy already proved its usefulness in a prelim-
inary study with roasted beef silversides, which were measured on a rotating stage using
a 785 nm laser source [46]. As the spectra were obtained, the sample rotated with the
long axis of the myofibrils perpendicular to the incident beam. PLSR correlations were
promising with 𝑅2 = 0.75 and 𝑅𝑀𝑆𝐸𝐶𝑉 = 6.3N while the standard deviation of the SF
data was 9.5N. The same group reported similar results using raw and cooked porcine
LD muscles (𝑁 = 54) [44]. Using the hand-held device described by Schmidt et al. [3],
the shear force values of 140 longissimus thoracis et lumborum samples from two sheep
flocks were correlated with Raman spectra [45]. Prior to the Raman measurements, the
samples were aged for five days, deep frozen and thawn. Good correlation models were
derived with 𝑅2 = 0.79 and 0.83 for the separate data sets of the two flocks. A joint
model performed less good (𝑅2 = 0.72) due to the different origins of the sheep. In sum-
mary, promising results were achieved in three studies with use of Raman spectroscopy
and meat samples which were roasted, aged or frozen and thawed, but the predictive
potential for WBSF of early postmortem Raman spectra from untreated meat samples
is yet to be investigated.
3. Material & Methods
“Facts have to be discov-
ered by observation, not by
reasoning.”
Bertrand Russell
This chapter provides an overview of the conducted
reference measurements, describes the portable Ra-
man system and the relevant features of the self-
written control software, which were both devel-
oped in the framework of this thesis, and introduces
the means of data analysis applied in this work.
3.1. Meat Samples and Reference Measurements
In this work, porcine M. semimembranosus (SM) was used for the experiments which is
colloquially referred to as topside.
Drip loss measurements were performed as follows: A sample of 100–200 g was cut from
the muscle which was stored for 24 h p.m., its mass was measured and subsequently, it
was suspended in a box. For additional 48 h, the sample was stored at 4°C. The final
measurement was conducted after 72 h p.m. by weighing the sample again. Finally, the
drip loss was expressed as percentage weight loss.
For color measurements, a Minolta CR400 (Konika Minolta, Japan) was used in this
work, which can directly measure 𝑋, 𝑌 and 𝑍 (see equations 2.8 - 2.10) by illuminating
the meat with a lamp with known spectral power distribution 𝐼(𝜆). The light reflected
by the meat surface passes through red, green and blue glass filters which simulate the
color matching functions ̄𝑥(𝜆), ̄𝑦(𝜆) and ̄𝑧(𝜆). A photo-detector behind the filter detects
the transmitted light. This gives the 𝑋, 𝑌 and 𝑍 values which can be converted into the
L*a*b* color space.
Shear force values were determined in this work after 24 h, 72 h and 7 days using a
Warner-Bratzler system (Instron Series 5564, Instron Deutschland GmbH, Pfungstadt).
The samples were frozen immediately after removal from the muscle. 24 h prior to
the shear force measurement, the samples were thawed at 2°C and afterwards, the
mechanical shear force measurement was conducted as follows [214]: The meat samples
were cut into 6x6 cm2 sub-samples, vacuum-packed and subsequently cooked for 2 h at
85°C. Other methods exists in which the samples are cooked to an internal temperature
of 72 or only 65°C [58]. Afterwards, they were unpacked and cut along the direction of
the fiber into six 1x1 cm² sub-samples per sample. Using a V-shaped blade, the force
necessary to shear through the meat (perpendicular to the muscle fibers) is measured
in Newton. The maximum shear force is used as the Warner-Bratzler shear force. This
measurement was repeated six times per sample, and only the mean value was used for
further analysis.
3.2. Raman Setup
The experimental setup used for this work is schematically presented in Fig. 3.1. The op-
tode contains the laser and the optical components in a modular design which allows the
exchange or adaptation of all system components. All precision mechanical parts were
manufactured in the workshop of the University of Bayreuth. Its concept was inspired by
3.2. Raman Setup 39
Figure 3.1.: Schematic diagram of the Raman optode, probe and portable system.
a SERS optode developed for in situ chemical detection in seawater [215] and its design
was adapted to allow measurements with meat [3]. To this end, a 671 nm diode laser
module was implemented [216, 217]. The unusual excitation wavelength was chosen to
minimize the absorption by meat as (oxy-)myoglobin and oxy-hemoglobin, the main mus-
cle pigments, reveal minimal absorption in this wavelength area [218, 219]. The injection
current and the temperature (via a Peltier element) of the laser module are controlled by
an OEM laser driver (RGB Lasersysteme GmbH, Kelheim, Germany). The temperature
is measured using a thermocouple which is placed between the diode laser and the Peltier
“Necessity is the mother of
invention.”
Unknown
element. When the temperature of the laser unit
is reaching its pre-set window, the operator is
alerted by a green LED light on top of the hous-
ing. The collimated beam of the laser is spectrally
cleaned by a bandpass filter (671 nm, Transmit-
tance >90%, half width 10 nm) and folded onto the optical axis of the optode by two
broadband dielectric mirrors and a Raman edge filter (laser wavelength 676 nm). The
beam is focused by a lens with a focal length of 10mm through a fused silica window
(thickness 3mm) onto the sample. This results in a laser spot of about 50𝜇m diameter
which is comparable to the diameter of the myofibrils. As the light is scattered partially
back from the sample into the probe, the same lens is used to collect the back-scattered
radiation. In the detection path, the Rayleigh scattered radiation is blocked by a Ra-
man edge filter which is tilted against the optical axis. The misalignment of the beam
induced by this tilt is corrected by the second edge filter. Using a lens with focal length
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Figure 3.2.: (left) Raman probe with visible laser module, optode and laser driver,
(middle) Raman system contained in a carrying case and (right) Raman
measurements with the mobile system in the chiller of an abattoir.
of 16mm, the Raman signal is launched into a single 105/125𝜇m optical fiber.
The optical ensemble was integrated into a robust housing shown in Fig. 3.1 on the
right and in Fig. 3.2 on the left-hand side. In the following, this hand-held device is
referred to as Raman probe. The housing comprises two hard anodized aluminum halves
which were also manufactured in the workshop of the University of Bayreuth. Both
halves are sealed by O-rings to protect the inside of the probe against dust and moisture.
To keep it independent from external power supply, a rechargeable and exchangeable
NiMH battery pack with a capacity of 3000mAh was chosen. The power supply is
controlled by a key lock and indicated by a yellow LED light on top of the housing of
the class 3B device. A Raman measurement can be started by pushing the trigger button
and is indicated by a red LED light. Electrical wires and the optical fiber are protected
against water, dust or physical stress by an armored cable with silicone coating which is
connected to the housing via a strain relief.
In the framework of this thesis, the Raman probe was integrated into a portable
system, which was developed to measure Raman spectra under conditions found in
abattoirs. To this end, the hand-held Raman sensor head was connected by an optical
fiber with a miniature spectrograph (HORIBA Jobin-Yvon, Longjumeau, France) with
an optical resolution of 8 cm-1 and thermoelectrically cooled CCD detector operating at
-10°C. The 671 nm diode laser is controlled by the OEM laser driver. The laser power
can be adjusted in the range from 0 to 130mW by varying the input voltage between
0 and 5V at the laser driver. This voltage is generated by a digital data acquisition
unit, DAQ (NI-USB 6008, National Instruments, Austin, TX, USA), which is connected
via USB to a laptop computer. The system is controlled with a self-written LabVIEW
(National Instruments, Austin, TX, USA) program which also captures and stores the
Raman spectra. The trigger button is also connected to the DAQ unit and to the red
LED light which indicates laser operation. The latter is recommended for laser systems
in the amendment of the BGV B2 §7 II (German accident prevention regulation “Laser
radiation”). For mobile usage, rechargeable battery packs with a capacity of 25Ah were
integrated to power the miniature spectrograph. The portable Raman system is depicted
in Fig. 3.2, and it was successfully tested in commercial abattoirs under conditions with
high humidity, low temperature and fluorescent light illumination.
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Test Measurements
As the long-term stability of the calibration of the Raman system is of interest regarding
the applicability of Raman spectroscopy, the peak position for the 999 cm-1 signal was
calculated from polystyrene spectra over a period of 18 month. This was done by fitting
the Raman peak with a Voigt profile 𝑉(𝑥), which is the convolution of a Gaussian 𝐺(𝑥)
and Lorentzian profile 𝐿(𝑥):









𝜋 ((𝑥 − 𝑥∗)2 + 𝛾2)
(3.1)
= 𝑁 ⋅ 𝑒−
(𭑥−𭑥∗)2
2𭜎2 ⋅ ((𝑥 − 𝑥∗)2 + 𝛾2)
−1
(3.2)
In equation 3.2, the normalization constants were combined into a single constant 𝑁.
The Gaussian profile is included because the laser’s beam profile is a normal distribution
caused by Doppler broading, while the Lorentz profile describes the natural shape of
spectral lines. The typical shape of the Raman bands is described by a Voigt profile.
By altering the peak position 𝑥∗, the width of the gaussian profile 𝜎, the width of the
Lorentzian profile 𝛾 and the normalization constant 𝑁 of the Voigt profile, the root mean
squared error (RMSE) between measured and fitted intensity was minimized. The fitted
peak position 𝑥∗ monitored over a period of 18 month is presented in Fig. 3.3. The peak
position in the 18 month period scattered around an average peak position of 998.5 cm-1
with a standard deviation of 0.2 cm-1. With an averaged wavenumber difference between
two adjacent pixels of the CCD of 1.7 cm-1 and an optical resolution of the miniature
spectrograph of about 8 cm-1, this variance is small.
On the secondary axis of Fig. 3.3, the laser power of the Raman system is plotted.
While it was adjusted to 80mW, it was altering between 34 and 87mW in this period.
The variance was identified as the misalignment of a trim potentiometer of the laser
driver electronics. This element is scaling the incoming electric voltage to the outgoing
Figure 3.3.: Peak position of the 999 cm-1 peak of polystyrene (black dots) and the laser
power (red) over an 18-month period. See section 4.3 for details regarding
field study 1 and 2.
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Figure 3.4.: Two Raman kinetics of pork meat with 50 and 20mW laser power in con-
tinuous wave mode. Significant spectral changes due to exposure to laser
radiation are marked with arrows.
laser current. Repeated cycles of warming and cooling may have caused this misalign-
ment. This was solved by fixing the trim potentiometer with sealing wax. However, no
correlation was observed between peak position and laser power.
In the beginning of this work, it was interesting to investigate whether the laser
radiation would change the meat structure and the Raman spectra. This investigation
also answers the question whether the position of the laser spot on the meat surface could
be held constant or had to be changed between Raman measurements. Thus, Raman
spectra from post-rigor pork meat were measured with different laser power settings and
constant exposure to the laser radiation (continuous wave mode) to find the maximum
laser power which does not alter the meat spectra. To this end, single Raman spectra
with an integration time of 𝑋 seconds were obtained every (𝑋 + 5) s until 200 spectra
were measured. 𝑋 was increased with lower laser power to use the dynamic range of
the CCD. The laser power was adjusted between 50 and 20mW in 5mW steps. For the
presentation in Fig. 3.4, 25 spectra with an integration time of 10 and 20 s with a laser
power of 50 and 20mW were averaged and baseline-corrected (polynomial with mesh
points), respectively. Apparently, the spectra measured with 50mW laser power exhibit
spectral alterations in the wavenumber range from 700 to 1800 cm-1. These changes are
different from cooking-induced changes reported in [47]. However, the reported changes
in the amid III region (1225–1275 cm-1) can also be observed in these spectra. These
changes diminish with decreasing laser power, but they only vanish if the laser power is
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reduced to 20mW or below.
In a second experiment, Raman kinetics from early postmortem pork were measured
with 20mW laser power (not shown). To this end, Raman spectra of two excised, porcine
semimembranosus muscles in the time frame 0.5–8 h p.m. were measured with constant
position on the meat surface and compared to those kinetics in which the measuring
position was constantly changed. With constant exposure, no spectral changes were
observed. Apparently, even the reduced laser power of 20mW inhibits the enzymatic
activity in the muscle cells. Therefore, the position on the meat surface had to be
constantly changed during the Raman measurements, and the laser power was adjusted
to 80mW. Due to the size of the laser spot of 10-8–10-9m2 in comparison to the meat
sample of 10-2–10-3m2, it is very unlikely to hit a position again. Hence, the Raman
spectra are mainly measured at metabolic intact spots of the meat surface.
3.3. Software
“We are stuck with tech-
nology when what we re-
ally want is just stuff that
works.”
Douglas Adams
As the proprietary software provided by the man-
ufacturer of the miniature spectrograph included
only a limited range of functions, the software to
control the spectrograph and the Raman probe was
self-written in LabVIEW 9.0f3 (32-bit, Professional
Version). The software’s interface is depicted in
Fig. 3.5.
As the program is started, a designated folder is created in the program’s sub-directory
named yyyy-mm-dd in which the current date is used for year (yyyy), month (mm) and
day (dd). The Raman and dark spectra are saved as ASCII data in separate sub-
directories as txt-files. The Raman spectra are saved in files named file_name.txt while
the dark spectra are saved in files named dark hh-mm-ss.txt where the current time of
day is used for hours (hh), minutes (mm) and seconds (ss). Additionally to the Raman
spectra, a header comprising the current name, integration time, number of accumula-
Figure 3.5.: Interface of the control software of the portable Raman system.
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tions, date and time of day is saved in the txt-files. In case of dark spectra, only the
integration time and the number of accumulations is saved. Each spectrum is automati-
cally saved unless the “auto save” function is turned off. In this case, the Raman spectra
can be manually saved1. Unless the file name is altered, new Raman spectra will be
saved as new columns in the same txt-file divided by tab stops. If the laser voltage,
hence the laser power is changed, the time is saved in a separate file.
Polystyrene (PS) was measured as a calibration standard at the beginning of each day.
Therefore, the strongest Raman signals of PS at 620, 999, 1154, 1447 and 1600 cm-1 can
be superimposed to the current spectrum as red bars which serves as a rapid check of
the calibration. In case of Raman spectra with very high fluorescence background, an
automated baseline correction is already implemented in the software. The algorithm,
which is described in section 3.4.1, can be applied to the currently measured Raman
spectrum. Thereby, a polynomial is fitted to the Raman spectrum but only in the range
defined by the minimum and maximum wavenumber, which also defines the section of
the spectrum that is displayed.
The program was adapted to ease the work for untrained operators. For instance,
measurements can be started by pushing the trigger button at the sensor head. This
is done with use of the DAQ unit by measuring the voltage at the trigger button. In
addition, continuative measurements can also be conducted with this program. To this
end, a given number of Raman spectra can automatically be measured at predetermined
time intervals. To reduce photo bleaching, the laser can be automatically turned of
between Raman measurements.
An automated routine is implemented for the detection of saturated spectra. The CCD
has a dynamic range of 216 − 1 = 65535 counts. Therefore, the software checks the first
spectrum whether the intensity equals 65535 for any spectral channel. If so, the operator
is warned by a lamp in the interface and an alert sound. In this case, the spectrum is
not automatically saved. Only the first spectrum is checked as in most Raman spectra
of biological samples which suffer from fluorescence background, this fluorescence can be
reduced by bleaching upon laser radiation. Therefore, the first spectrum of a series of
Raman spectra at one specific spot usually contains the highest background.
Likewise, an automated routine is implemented for the detection of fat based on the
evaluation of the Raman spectra using a loading from a principle component analysis
(see section 3.4.2). To this end, spectra of meat and fat of a series of measurements
with pork muscle were used for a principal component analysis (PCA). The spectra were
preprocessed with a 2nd derivative and 2nd polynomial Savitzky-Golay filter with a width
of 15 channels [220] and then mean-centered. In Fig. 3.6, the fat pattern is identified as
loading 1 based on the typical lipid signals [29–31], while loading 2 consists mainly of
Raman signals assigned to meat proteins [18, 22–28]. As in section 3.4.2 discussed, the
score value is the projection of the spectrum to a principle component. Hence, the score
value the degree of the agreement between spectrum and loading. Therefore, the score
values of loading 1 are correlated with the quantity of fat being detected by the measuring
spots on the meat surface, while the score values of loading 2 indicate the agreement
with the meat pattern. Thus, the dense cluster of data points near the y-axis of Fig. 3.7
represents the meat spectra while the fat spectra are located on the left-hand side. To
determine a threshold which discriminates between meat and fat spectra, Raman spectra
from the left-hand side are discarded and a new PCA is performed using the remaining
spectra. The threshold is lowered until the fat pattern cannot be recognized within the
first five loadings.
Accordingly, the software’s routine to detect fat is performing the following steps with
1Raman spectra can be manually deleted at any time.
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Figure 3.6.: The first two loadings of a principle component analysis with meat and fat
Raman spectra.
Figure 3.7.: Scores of PC1 vs. PC2 of the principal component analysis (PCA) used for
Fig. 3.6 and the judiciously chosen threshold (dotted line) to differentiate
between meat or fat spectra.
46 3.4. Data Analysis
a newly measured Raman spectrum:
1. Savitzky-Golay filtering,
2. subtracting the stored mean spectrum,
3. calculating the dot-product with the stored fat loading and
4. comparing the result with the stored threshold value.
Depending on step 4, the spectrum is either saved as meat or as fat2. Additionally,
a warning sound is created and the fat alert lamp is turned on in the interface of the
software.
3.4. Data Analysis
One of the challenges of using Raman spectroscopy for biological applications is the
inherent fluorescence background typically caused by biological tissues that superimposes
the measured Raman spectrum. The fluorescence can sometimes be several orders of
magnitude more intense than the weak Raman signal and its presence must be minimized
in order to analyze the Raman spectrum. Different methods to compensate or subtract
the fluorescence background were applied in this work and will be briefly discussed in
the following section. Besides, the spectroscopic data in this work consists of Raman
spectra with 1024 channels and a large number of spectra was acquired to overcome the
intrinsic heterogeneity of the biological samples. Hence, large quantities of data had
to be analyzed. To this end, several chemometric methods are available of which two,
principle component analysis and partial least squares regression, were applied and will
be discussed in the following sections.
3.4.1. Baseline Correction
In general, the background curvature of a Raman spectrum can be estimated using a
low-order polynomial. The most common way to define the polynomial is by mesh points,
which are located in selected minima between the Raman bands. This is illustrated for
a 5th-order polynomial with seven mesh points for the Raman spectrum of pork meat
in Fig. 3.8A. To correct this spectrum, the polynomial is subtracted from the Raman
spectrum. Although the procedure seems straightforward, it requires experience as the
position of the mesh points have to be judiciously chosen by the user. A sufficient set of
points is found if the corrected Raman spectrum consists only of positive numbers.
As the method requires user input, it is not suited for an automated baseline correction.
Nevertheless, its basic principle is appealing. Therefore, an iterative polynomial baseline
correction was used to automatically find the mesh points. This method is related to
the algorithm presented in [221]. In the first iteration, a polynomial of 𝑛-th order is
calculated to fit the spectrum in a defined wavenumber range. For instance, the 5th-order
polynomial in Fig. 3.8B was calculated using the complete spectral range. Apparently,
this function does not represent the background very well as it cuts through Raman
bands. In the next step, the spectral channels with higher intensity than the polynomial
are excluded from the data set. Then, the procedure is repeated with the reduced
spectral data set. The following two iterations are also presented in Fig. 3.8B. With
each step, the polynomial fits the background better. This is repeated until the number
𝑁 of spectral channels being left in the spectral data set was 𝑁 ≤ 25. The method was
2All fat spectra are automatically saved in a separate sub-directory.
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Figure 3.8.: Methods of baseline correction applied to a typical Raman spectrum of pork
(black line) using (A) a polynomial with mesh points, (B) the iterative poly-
nomial method, (C) Savitzky-Golay filtering and (D) wavelet and Fourier
transforms (COBRA).
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implemented in the control software presented in section 3.3 for the evaluation of Raman
spectra with high fluorescence background.
A simpler way to remove background from spectral data is performed by calculating
the 2nd derivative of the spectra using the parameters presented by Savitzky and Golay
[220]. To this end, the dot product of the spectrum and the tabulated parameters is
calculated and scaled with a normalization factor. In this work, the parameters of the 2nd
polynomial and 2nd derivative order were used with a filter width of 15 spectral channels.





𝑎𭑖 ⋅ 𝑦(𝑥𭑛−8+𭑖))/𝐴 (3.3)
where 𝑎𭑖 and 𝐴 are the tabulated Savitzky-Golay parameters [220, 222]. The 2
nd deriva-
tive Raman spectrum is illustrated in Fig. 3.8C. The main advantage of this method is
its simple application. However, the spectra are more noisy and the interpretation of the
spectra is complicated. Therefore, this method was only applied as a preprocessing step
during the automated detection of fat spectra in the control software of the portable
Raman system described in section 3.3.
Baseline correction can also be performed by wavelet transform. This method is often
compared to Fourier transform in which the signals are represented by sums of sinu-
soids. Similarly, the signal is represented by wavelets in case of wavelet transform. The
Daubechies 10 wavelet is presented in Fig. 3.8D. In the Fourier or frequency domain, a
wavelet has the shape of a band pass filter. This is relevant because a typical Raman
spectrum contains three frequency regimes: high frequency noise, medium frequency
signal peaks and a low frequency background of which only the medium band is of in-
terest. In this work, the baseline correction and smoothing was performed with the
MATLAB based application COBRA [223]. Its main feature is an iterative algorithm
based on wavelet transforms to remove backgrounds of spectroscopic signals. The al-
gorithm works similar to the iterative polynomial baseline correction described above.
In the first step, a discrete wavelet transform (DWT) decomposition is calculated using
the complete spectrum which yields a first background fit. The original signal is then
modified by taking all points above the fit and setting them equal to it. Subsequently,
the DWT decomposition is repeated until the fit converges and it is yielding a fit very
close to the real (physical) background. In this work, the Daubechies 10 wavelet was
applied as it provided satisfactory results with Raman spectra of meat. The wavelet
background fit is presented in Fig. 3.8D. For additional smoothing, the program com-
prises the fast Fourier transform algorithm, which transforms the Raman spectrum to
the frequency domain in which low and high-pass filter are applied to further reduce
background and noise. Subsequently, the spectrum is transformed back into the time
domain. The COBRA program was used for the presentation of the Raman spectra in
publication 3 (see section 4.3.1).
3.4.2. Principle Component Analysis
“While it is easy to lie with
statistics, it is even easier
to lie without them.”
Attributed to Frederick
Mosteller
Principle component analysis (PCA) was invented
in 1901 by Karl Pearson [224]. In essence, it aims
for data reduction in high-dimensional data sets
by extracting single patterns called principle com-
ponents (PC), which provide as much information
(maximal variance) about the data set as possible.
In multivariate data sets in which multicollinearity is present, the number of variables
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Figure 3.9.: Two dimensional visualization of the principle of PCA. (left) Simulated spec-
tra of a calibration experiment, (middle) intensity of peak 2 vs. peak 1 after
mean centering and (right) PC2 versus PC1 after PCA.
can be reduced without loss of important information. This is done by a transforma-
tion of the coordinate system. For Raman spectra, the original coordinate system is
defined by the wavenumber and the intensity axis. Suppose the following example: In
a calibration experiment Raman spectra of ten concentrations of a pure chemical are
measured in aqueous solution. This gives the same pattern, the Raman spectrum of the
chemical, but with varying intensities according to the concentration (see Fig. 3.9). For
each concentration, a Raman spectrum with 1024 values is stored. PCA is providing a
matrix which rotates the original coordinate system into a new one in a way that the first
axis of coordinates possesses the highest variance. This axis is called the first loading.
In the example, the loading is identical to the Raman spectrum of the pure chemical3.
Accordingly, the coordinates of this axis are the concentrations of the chemical. The
coordinates are called scores, which can be obtained by calculating the dot product of
the spectrum and the loading. In the general case, the first axis is the loading with the
highest variance and the scores are the projection on that loadings. Thereby, the score
is a measure of the agreement between the spectrum and the loading.
In mathematical terms, PCA can be reduced to three steps. Firstly, the covariance of





(𝑥𭑖 − ̄𝑥)(𝑦𭑖 − ̄𝑦)
𝑁 − 1
(3.4)
= E [(𝑥 − E [𝑥]) (𝑦 − E (𝑦))] (3.5)
Here, 𝑥 (or E[𝑥] ) and 𝑦 (or E[𝑦]) are the mean (or expected) values of 𝑥 and 𝑦. In case
of Raman spectra, 𝑥 and 𝑦 are two data sets of Raman intensities of two, not necessarily
different, wavenumbers and 𝑁 is the total number of spectra. The calculation can be
simplified as follows:
Cov(𝑥, 𝑦) = E [(𝑥 − E [𝑥]) (𝑦 − E (𝑦))] (3.6)
= E [𝑥𝑦 − 𝑥E [𝑦] − E [𝑥] 𝑦 + E [𝑥]E [𝑦]] (3.7)
= E [𝑥𝑦] − E [𝑥]E [𝑦] − E [𝑥]E [𝑦] + E [𝑥]E [𝑦] (3.8)
= E [𝑥𝑦] − E [𝑥]E [𝑦] (3.9)
However, the last equation is prone to catastrophic cancellation, i.e. when it is computed
with floating point arithmetic it can yield E [𝑥𝑦] ≈ E [𝑥]E [𝑦] which yields Cov(𝑥, 𝑦) = 0.
3The remaining 1023 loadings would only contain spectral noise and therefore could be discarded
without loss of important information.
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Figure 3.10.: The effect of mean-centering on PC1.
This can be avoided by mean-centering of the data, i.e. 𝑥𭑖 − 𝑥 is calculated for each
𝑥𭑖 and repeated for each variable 𝑥, which yields E [𝑥]=E [𝑦] = 0. Mean-centering has
another benefit which is illustrated in Fig. 3.10. Without mean-centering, PCA will
yield misaligned principle components which do not contain the maximum variance.
Therefore, it is considered mandatory for PCA and, in principle, for every multivariate
statistical analysis.
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where 𝑥𭑗 stands for the 𝑗-th spectral channel and 𝑛 for the total number of spectral
channels. This matrix is called the covariance matrix. As for 𝑥 = 𝑦, the covariance
Cov(𝑥, 𝑦) is equal to the variance Var(𝑥), the main diagonal of the covariance matrix
comprises the variances of each spectral channel.
In the last step, the eigenvectors and eigenvalues of the covariance matrix are calcu-
lated. The eigenvectors of this matrix are the loadings while the eigenvalues are corre-
lated with the variance of the loading, i.e. the eigenvector with the highest eigenvalue
exhibits the highest variance.
In this work, PCA was performed using a self-written analysis software in LabVIEW
(National Instruments, Austin, TX, USA). To this end, standard sub-VI’s (virtual in-
strument) of the libraries NI_Gmath.lvlib and NI_AALPro.lvlib were used to calculate
the covariance matrix and to solve the eigenvector and -value problem. Using this pro-
gram, the loadings and scores can be conveniently visualized and be saved in txt-files
for further analysis.
3.4.3. Partial Least Squares Regression
The origins of partial least squares regression can be traced back to the non-linear
iterative partial least squares (NIPALS) algorithm by Herman Wold which was originally
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developed to linearize models [225]. Later, this algorithm was adapted to overcome
the overdetermined regression problem in which the number of variables is larger than
the number of equations. That extension was termed partial least squares [226]. An
alternative term for PLS (and more correct) is projection to latent structures [227], but
the term partial least squares is still dominant in many areas.
“Essentially, all models
are wrong, but some are
useful.”
Attributed to George E. P.
Box
In case of spectroscopic data, the number of
spectral channels exceeds the number of measure-
ments. Hence, methods like multiple linear re-
gression (MLR) cannot be applied. Using princi-
ple component regression (PCR) or PLSR, predic-
tors which are mostly one-dimensional or univari-
ate data4, e.g. pH values can be correlated with
the predictor variables which are multidimensional or multivariate data, e.g. Raman
spectra. Although the methods aim at the same goal, their approach is different: While
PCR attempts to capture the largest amount of variance in the predictor variables 𝐗,
MLR seeks a single vector which best correlates the predicted variables with the pre-
dictor 𝐘. This is why the latter cannot be applied if the number of predictor variables
exceeds the number of measurements; it would result in over-determination. Hence, a
perfect (but useless) correlation between predictor and predicted variables would always
be calculated. PLSR is related to both PCR and MLR and can be thought of as oc-
cupying a middle ground between them. It attempts to find factors (latent variables)
that maximize the amount of variation explained in 𝐗 that is relevant for predicting
𝐘. Hence, factors which contain variance and achieve correlation. Therefore, PLSR
maximizes the covariance.
There are several ways to calculate PLSR model parameters [228]. Here, the NIPALS
algorithm will be presented. It calculates scores 𝐭, loadings 𝐩 (similar to those used in
PCA, but the PLSR loadings are not orthogonal) and an additional set of vectors called
weights 𝐰 (with the same dimensionality as the loadings 𝐩). The weights are included
to maintain orthogonal scores. This algorithm can handle multiple Y-variables. In such
cases, scores (𝐮) and loadings (𝐪) are also calculated for the Y-data. The calculation
is performed sequentially and started by choosing the column of 𝐘 with the greatest
variance as the starting estimated of 𝐮1. The weights 𝐰 and scores 𝐭 of the X-data





𝐭1 = 𝐗𝐰1 (3.12)





𝐮1 = 𝐗𝐪1 (3.14)
Now, 𝐭1 is compared with the value from the previous iteration. If they are equal within
rounding errors, the algorithm proceeds with the next equation, otherwise it returns
to the first equation using the 𝐮1 obtained in the current step. This is repeated until
convergence is achieved, i.e. ∥𝑡𭑛 − 𝑡𭑛+1∥ / ∥𝑡𭑛+1∥ < 𝜀 where 𝜀 is between 10
-6 and 10-8
4PLSR can also handle multidimensional data.
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The scores and weights are rescaled accordingly:
𝐭∗1 = 𝐭1 ‖𝐩1‖ (3.17)
𝐰∗1 = 𝐰1 ‖𝐩1‖ (3.18)






After the scores and loadings have been calculated for the first latent variable, the last
step of the first iteration is reached. The X- and Y-block residuals are calculated:
𝐄1 = 𝐗− 𝐭1𝐩
𭑇
1 (3.20)
𝐅1 = 𝐘− 𝑏1𝐭1𝐪
𭑇
1 (3.21)
The entire procedure is now repeated using 𝐄1 for 𝐗 in equation 3.11, 3.12, 3.14 and
3.15 and 𝐅1 for 𝐘 in equation 3.13 while all subscripts are incremented by one.
In this work, PLSR was performed with MATLAB 7.9.0 R2009b software (The Math-
works Inc., Natick, MA, USA) and PLS toolbox 6.2 (Eigenvector Research Inc., We-
natchee, WA, USA) which by default uses the SIMPLS algorithm which gives the exact
same result as NIPALS for univariate, but a slightly different solution for multivariate,
Y-data. As only PLSR correlations with univariate data were calculated in this work,
SIMPLS is not presented. A detailed description of the algorithm can be found in [228].
To this point, it is still not obvious why this method is called partial least squares re-
gression. The least squares is explained as each model parameter is iteratively estimated
as the slope of a simple bivariate regression (least squares) between a matrix column or
row of 𝐘 and another parameter vector in 𝐗. So, for instance, the PLSR weights 𝐰 are
iteratively re-estimated as 𝐗𭑇𝐮𭑖/ ∥𝐗
𭑇𝐮𭑖∥ in the first step of the NIPALS algorithm. The
partial in PLS indicates that this is a partial regression since 𝐮 is considered as fixed in
the estimation in the second part of the NIPALS algorithm [227].
Note that the scores and loadings calculated in PLSR are not the same as those
calculated in PCA or PCR, but can be considered as PCA scores and loadings that have
been rotated to better predict 𝐘. As in PCR, the PLSR model converges to the MLR
solution if the maximum possible number of latent variables is retained in the model.
Hence, a criterion has to be found which defines the optimal number of latent variables
for the PLSR model. This is usually done by cross-validation. In this work, the methods
leave-one out, contiguous blocks and random blocks were applied. The difference is how
the data splitting is handled (see Fig. 3.11). The contiguous blocks methods divides the
X- and Y-block data, which contains 𝑁 subsets, into 𝑠 equally sized segments without
altering the data’s order. In case of the leave-one-out method, the segment size is 1
and 𝑠 = 𝑁. In case of the random block method, the data’s order is firstly randomized
and subsequently split into 𝑠 segments. Independently of the cross-validation method,
a PLSR model is built using all but one of the segments, i.e. (𝑠 − 1)/𝑠 of the available
5For simplicity in the following equations: 𭑝∗1 = 𭑝1 and 𭑡
∗
1 = 𭑡1.
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Figure 3.11.: Scheme of the data splitting for different cross-validation methods.
data. This data is called the training or calibration data set. The remaining segment
is used to test the model. To this end, the predictions of X-block data calculated from
the PLSR model (𝑌𭑝𭑟𭑒𭑑) are compared to the Y-block data (𝑌) by calculation the root








Here, 𝑁∗ is the number of data sets in the remaining segment. This is repeated for 𝑠








Hence, the RMSECV is defined as the average of the root of the squared difference
between predicted and measured Y-block data. It is a measure of the predictive power
of the PLSR model as it is solely derived from data which is not contained in the
training data set. The minimum RMSECV is most commonly applied as the criterion
to choose the number of latent variables. However, different CV methods yield different
RMSECV’s. The choice is dependent on the number of subsets and/or the internal
structure of the data set. The leave-one-out method is mostly applied for small data
sets with 20–40 subsets because in larger data sets, this method yields too optimistic
results. The contiguous blocks method yields more realistic RMSECV’s, but an internal
structure in the data set may bias the result. Therefore, it is advisable to randomize the
order of the subsets in the X- and Y-block data prior to the cross-validation. Hence, the
random blocks method with the number of iterations equal or larger than 20 yield the
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Figure 3.12.: Principle of VIP reduction and its effect on RMSECV. Step 1: Calculation
of the VIP plot, Step 2: Discard spectral channels with VIP<1, Step 3:
Calculation of a new PLSR model.
least biased and most trustworthy results. But at the same time, this method requires
much more computing time due to the number of iterations and the randomization prior
to the data splitting. In this work, 𝑠 = 10 was chosen, i.e. the data set was split into
ten segments. This is a reasonable compromise because:
1. For 𝑠 → 𝑁, the method converges to the leave-one-out method, and the RMSECVs
will become unrealistically optimistic due to the decreasing number of subsets used
for the validation.
2. For 𝑠 → 2, the number of subsets used for the calibration is continuously decreas-
ing. In case of data sets with large variance but relatively small number of subsets,
this may lead to unrealistically poor RMSECV’s because data, important to build
the calibration model, is used for validation.
An important question in this context is: Which predictor variables (spectral channels)
are most relevant for the correlation with the predictor (reference parameter)? Several
methods to answer this question are known such as stepwise regression, selectivity ratio
or variable importance in projection (VIP). In this work, VIP was chosen due to its
good performance when multicollinearity is present in the data set (which is the case for
Raman spectra) and when applied for variable reduction (see below). The VIP for the



















where 𝑝 is the number of variables, ℎ the number of retained latent variables, 𝑡 the scores
of the X-data, 𝑤 the weights and 𝑏 the regression coefficient of the inner relation between
X- and Y-data. Thus, each spectral channel is evaluated regarding its importance for
the prediction with a single value, the VIP score.
To improve the predictive power of the PLSR models, the number of spectral channels
was iteratively reduced to exclude spectral regions carrying few or no spectral informa-
tion for the prediction of a reference value [231]. The main steps of this algorithm are
illustrated in Fig. 3.12. In the first step, a PLSR model and its VIP plot are calculated.
Then, spectral channels with 𝑉𝐼𝑃 < 1 are discarded in the X-block data. The threshold
was applied as recommended in literature and is generally used as a criterion for vari-
able selection because the average of squared VIP scores is equal to 1 [230]. Using the
reduced X-block data, the procedure is repeated until a global minimum for RMSECV
is reached.
4. Results & Discussion
“It is not knowledge but
the act of learning, not
possession but the act of
getting there, which grants
the greatest enjoyment.”
Carl Friedrich Gauß
This chapter introduces the three publications col-
lected in Part II and a field study which is not
yet published elsewhere. The publications and
the unpublished work comprise studies of fresh
pork meat using Raman spectroscopy to investi-
gate early postmortem changes in the Raman spec-
tra and whether these can be exploited to measure
or predict meat quality traits.
Publication 1 investigates the relationship between Raman spectra and the pH value
of meat. Here, in a series of measurements conducted in the laboratory, Raman, pH
and lactate kinetics of excised pork samples were measured early postmortem. The
relationship between pH value and lactate concentration, the early postmortem Raman
spectra and three approaches to calculate the pH value from the spectra are discussed.
In publication 2, the spectral differences in the early postmortem Raman spectra of
normal and PSE-like porcine SM muscles are discussed in detail. Difference spectra
of pure chemicals are used to explain spectral differences in the pre-rigor (1–2 h p.m.)
and rigor (2–8 h p.m.) time frame. By this means, the most distinctive alterations
in the Raman spectra are assigned to important compounds of the energy metabolism.
Thereby, a deeper understanding of the Raman spectra of early postmortem meat is
achieved.
Publication 3 presents the results obtained during a series of measurements (field
study 1) in the cooling room of a commercial abattoir with the portable Raman system.
Here, in a production process, early postmortem Raman spectra were measured and
correlated with quality traits such as pH, color, drip loss and shear force. The potential
of Raman spectroscopy to predict important quality traits of pork meat is shown under
real-life conditions.
In the last section of this chapter, a second series of measurements (field study 2)
is described, which was conducted to validate the results of publication 3 and to work
closer to the production process directly at the slaughterline.
4.1. Spectroscopic Measurement of the pH Value
Publication 1 investigates the measurement of the pH value in early postmortem pork
meat by means of Raman spectroscopy. For the experiment, ten excised samples of
porcine SM muscle were used. This muscle was chosen because it is accessible at the
carcasses in abattoirs and is used for pH measurements in ham. Raman, pH and lactate
measurements began 25–40 min after slaughter and were performed with three separate
sub-samples. The three kinetics were measured until constant pH was reached which
occurred between 7 and 11 h post mortem. At this point, the ATP driven metabolic
activity in the muscle cells comes to halt due to the depletion of the energy stores of
phosphocreatine and glycogen, and the muscle enters the rigor mortis.
Of the ten muscles, seven revealed normal pH45, normal pH24 and a rate of lactate pro-
duction of 7mmol/kg, hence were classified as normal. Two showed elevated metabolic
56 4.1. Spectroscopic Measurement of the pH Value
Figure 4.1.: pH value vs. lactate concentration for ten porcine SM samples measured in
the time from 0.5 to 10 h.
activity indicated by a pH45 < 6.0 and a rate of lactate production above 12mmol/kg⋅h.
These samples were considered as PSE-tendency but the samples did not fulfill the PSE
criterion of pH45 < 5.8. However, the samples showed significantly faster acidification
and lactate production than the normal samples. As the number of PSE-tendency sam-
ples was only 𝑁 = 2, the experiment was repeated with a total of 30 muscles by the end of
this thesis. During these experiments, no further PSE-tendency samples were identified.
One atypical sample was measured with almost no pH fall and lactate production during
the experiment although the initial lactate concentration was 79mmol/kg. This sam-
ple must have produced its lactate concentration prior to the first measurement which
points to a very rapid postmortem metabolism. This would normally cause the PSE
condition but in this case no further lactate accumulation could be measured. Hence,
this muscle must have had very limited glycogen storage which inhibited further lactate
production. This normally points to DFD meat but as this sample exhibited DFD and
PSE characteristics, it was classified as atypical and discarded from further analysis.
A low curvilinear correlation (𝑅2 = 0.49) between pH value and lactate concentration
was observed for the different animals (see Fig. 4.1). On the other hand, a high correla-
tion of 𝑅2 = 0.97 was found, if the correlation coefficient was calculated separately for
every sample and then averaged for all RFN and PSE-tendency samples. This can be
explained by a distinctive biological variation between different animals.
When the lactate formation rate was correlated with pH45 values, a negative correla-
tion was found below pH 6.0. Above this pH, no useful relationship was found. In normal
samples, 7–9mmol/kg per hour of lactate were formed while in PSE-tendency samples
over 12mmol/kg were metabolized. Due to the low number of deviating samples, these
findings have only limited significance and require further work to be validated.
As the lactate concentration revealed only a low correlation with the pH value, the
initial goal to use the lactate concentration to predict the pH value had to be discarded.
However, the Raman spectra are directly correlated with pH, which was exploited in
three different ways to predict the pH value. Firstly, two phosphate peaks were used
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Figure 4.2.: Raman net intensity of the 𝜈𭑠 (𝑃𝑂
−
2 ) peak at 1074 cm
-1 of inorganic phos-
phate versus the pH value. Theoretical curve (dotted) calculated with the
Henderson-Hasselbalch equation and 𝑝𝐾𭑎 = 6.62 (dashed). Protonation and
deprotonation of both species are presented schematically.
for the pH prediction. In reference measurements with phosphoric acid in aqueous
solution, three pH-dependent peaks were observed at 875, 987 and 1074 cm−1. These





2 ), respectively. The peaks indicate the transformation of hydrogen phosphate
(𝐻𝑃𝑂2−4 ) to dihydrogen phosphate (𝐻2𝑃𝑂
−
4 ) with decreasing pH which is described by
the Henderson-Hasselbalch equation:




Here, 𝐴− and𝐻𝐴 represent the concentration of the base and the acid, respectively. The
dissociation constant 𝑝𝐾𭑎 is a matter constant and equals the pH if the concentrations
of the base and the acid are equal. For the calculation from the Raman spectra, the
specific Raman scattering intensities for each vibration are required. These constants
define the expected Raman intensity per molar concentration (counts/mM) for a given
set-up. Hence, the Henderson-Hasselbalch equation must be rewritten as:







Here, 𝜎𭐴− and 𝜎𭐻𭐴 are the Raman intensities of the peak which is assigned to the basic
and the acid compound, respectively. They can be easily obtained from normalized1
Raman spectra of solutions with high or low pH value, i.e. pH = p𝐾𭑎 ± 2 − 3 pH-units.
For instance, for low pH values, the acidic component has a concentration of 100% hence
the constants can be directly read off the Raman spectrum from the acidic peaks. This
is illustrated in Fig. 4.2. In case of Pi, a ratio of 𝜎𭐴−/𝜎𭐻𭐴 = 2.4 was determined. Using
1In this context, this means normalized to the concentration (mmol/l or mM).
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this value and 𝑝𝐾𭑎 = 6.62, the pH of phosphoric acid in aqueous solution was very
accurately (𝑅2 = 0.996) calculated from the Raman spectra.
Besides inorganic phosphate, several other phosphorylated metabolites can be found in
the early postmortem muscle (see Fig. 2.3 on page 18) which may contribute intensity to
the signals at 987 and 1074 cm-1. The phosphate group is bound to a sugar (e.g. ribose,
glucose) or another compound (e.g. creatine), which alters the 𝑝𝐾𭑎 values in the range
from below 6 to beyond 7 [36]. The symmetric stretching vibration 𝜈𭑠𝑃(𝑂𝐻)2 disappears
due to the bonding with the compound. Instead, the stretching vibration 𝜈𝑃𝑂𝐻 can be
observed at lower wavenumbers between 815 and 825 cm-1. Due to a strong signal of
creatine at 826 cm-1, the contribution of the phosphorylated compounds to this peak is
difficult to quantify in meat spectra hence only the vibrations 𝜈𭑠 (𝑃𝑂
2−
3 ) and 𝜈𭑠 (𝑃𝑂
−
2 )
are used for the pH determination. In comparison to Pi, the peaks are slightly shifted
to 980 and 1078 cm-1 and their respective Raman intensities are also altered [41].
In the spectra of meat, the signals of the phosphorylated metabolites are superimposed,
but it is still possible to calculate the pH via the sum bands. To this end, the 𝑝𝐾𭑎 was
fitted to the data set consisting of 564 Raman spectra and pH values using only the
ratio of the net peak intensity of the acid and base peaks. As result, an adjusted 𝑝𝐾∗𭑎
of 7.0 was obtained. This adjustment is taking into account the 𝑝𝐾𭑎 variations of the
different phosphorylated metabolites and it also corrects the deviation of the specific
Raman intensity ratio 𝜎𭐴−/𝜎𭐻𭐴. This can be understood if the Henderson-Hasselbalch
equation 4.2 is rewritten as:












equation 4.3 can be rewritten as:




Hence, only the parameter 𝑝𝐾∗𭑎 has to be adjusted. By this means, the pH value calcu-
lated from the Raman spectra was correlated with the pH value measured with the punc-
ture electrode. The correlation yielded an average correlation coefficient of 𝑅2 = 0.71
and 𝑅𝑀𝑆𝐸𝐶 = 0.3 pH-units. Again, the linearity was good for the single muscles, but
the correlation also revealed systematic differences between the meat samples which is
caused by a position effect. This is mainly attributed to the inhomogeneity of the mus-
cle consisting of fast and slow glycolysing fibers. To quantify the inhomogeneity, an
additional experiment was performed in which the pH was repeatedly measured at nine
different positions in three excised SM muscles. The variation increased from an initial
value of 0.08 pH-units to a maximum value of 0.18 after 5–6 h after slaughter. Subse-
quently, the variation decreased until a minimum of <0.03 pH-units was reached after
9–10 h. These findings also confirm that a larger reference error has to be expected for
the pH45 than the pH24 measurement. A smaller contribution to the error is added by
the simplification of equation 4.1 in which the activity coefficients were neglected in the
𝑙𝑜𝑔10-term. The activity coefficients are modulated by the ionic strength and the charge
of the ions in the solution which alter the pH but not the concentration of the acid
and base. Hence, there is a difference between the pH value provided by the puncture
electrode, which measures the thermodynamic pH, and the pH value calculated from the
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Raman spectra, which only depends on the ratio of the acid/base pair. This difference
can be accounted for with the 𝑝𝐾∗𭑎 value in equation 4.5, but variances in the ion com-
position within the muscle cells of different animals result in subject-specific 𝑝𝐾∗𭑎 values.
Despite the discrepancies between the different samples, the calculations demonstrated
that the pH value of meat can be calculated from the Raman spectra, in principle, using
only two signals from phosphate.
For a more robust pH prediction, a multiple linear regression (MLR) was performed





𝑎𭑖 ⋅ 𝑆(𝜈𭑖) (4.6)
For 𝑆(𝜈𭑖), signals from lactate (535, 855, 1305, 1350 and 1414 cm
-1), creatine2 (827 cm-1),
phosphate (980 and 1078 cm-1), the carbonyl bond (1714 cm-1), ATP (1578 cm-1) and
IMP (1552 cm-1) were selected due to their significance in the early postmortem Raman
spectra. Then, the net intensities of these Raman peaks were calculated. By adjusting










The MLR model yielded a correlation with 𝑅2 = 0.78 and 𝑅𝑀𝑆𝐸𝐶 = 0.14 pH-units.
The root mean square error of cross-validation (RMSECV) is calculated with the leave-
one-out method and yields 0.22 pH-units. To this end, the spectra of nine different
samples were used to compute a model and to test the prediction with the spectra of
the residual sample which was repeated for all permutations.
The last approach was a PLSR model. Using baseline-corrected Raman spectra (poly-
nomial with mesh points) in the range from 500–1800 cm-1, a model based on nine latent
variables with 𝑅2 = 0.94 and a 𝑅𝑀𝑆𝐸𝐶 = 0.07 pH-units was calculated. With the
described leave-one-out method, an average 𝑅2𭑐𭑣 = 0.87 and 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.22 pH-units
were calculated.
As expected, the coefficient of determination was improved with increasing number
of spectral channels used by the method. While the calculation based on the peak ra-
tio of two phosphate peaks only required six spectral channels (2 for the peak and 2
mesh points per peak), the MLR model requires 33 and the PLSR model 726 spectral
channels. Accordingly, the RMSEC is markedly reduced from 0.3 (phosphate peak ra-
tio) to 0.14 (MLR) to 0.07 pH-units (PLSR). However, all models exhibit a similar offset
for the different samples which is caused by a distinctive position effect within the muscle.
These results demonstrate that the pH of meat can be determined from the Raman
spectra by using only two pH-dependent phosphate peaks, eleven selected signals from
significant metabolites or the whole spectral range from 500 to 1800 cm-1. In comparison,
the accuracy of the pH measurement based on Raman spectra from the early postmortem
time phase is higher than the results with NMR and NIR spectroscopy and comparable
to hyperspectral NIR imaging in which post-rigor meat was used (see Tab. 2.2). As for
the ubiquity of phosphorylated compounds in biological tissue, the Raman spectroscopic
pH measurement based on the phosphate group could also be useful in other foods or
biological matter.
2In publication 1, this peak was tentatively assigned to lactic acid although it is mainly attributed
to a change of the creatine concentration and pH-induced changes of the stretching vibration 𭜈𭑃𭑂𭐻 of
phosphorylated sugars.
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“What I cannot create, I
do not understand.”
Richard P. Feynman
Publication 1 was focused on the quantification of
the lactate concentration and the pH value. How-
ever, in the Raman kinetics, several alterations be-
sides lactate and pH-induced signals were observed.
Therefore, publication 2 was focused on the assign-
ment of theses spectral alterations which were found in the early postmortem Raman
kinetics of pork. For this study, the same experimental data as for publication 1 was
used.
To show the changes of the Raman spectral patterns for normal meat, difference
spectra of the seven RFN samples were calculated. To this end, two time frames were
chosen: pre-rigor and rigor phase. The first includes very early postmortem changes in
the metabolism of the muscle cell between <1 and 2 h after slaughter, while the latter
includes metabolic changes which occur along with the onset of rigor mortis between 2
and 8.5 h post mortem.
In the pre-rigor phase, the averaged pH values of the meat samples were 6.2 and 6.0 for
the <1 h period and after 2 h, respectively. To show the changes in the Raman spectra,
ten spectra measured 2 h p.m. were averaged and subtracted from the average of the
first ten spectra measured before 1 h p.m. This was repeated for the seven RFN samples
and the averaged spectrum was used for further analysis and presentation. Thereby,
this difference spectrum represents an accumulative integration time of almost 5 hours.
As this difference spectrum is far too complex to be discussed on the basis of individual
bands, changes of signal difference patterns due to a number of individual metabolic
reactions were considered. These can be understood as material balance equations. In
the difference spectra, only the turnover is revealed because the constant parts of the
spectrum cancel each other out. The accumulated metabolites are revealed by positive
signals while the depleted metabolites are indicated by negative signals. By subtracting
the scaled Raman spectra of the pure compounds, the situation in the muscle is repro-
duced. To this end, the spectra have to be scaled according to the integration and laser
power settings of the measurements with the meat samples. In the last step, the con-
version rate is judiciously chosen in accordance to concentrations measured as reference
or found in the literature.
The early postmortem metabolism in muscle cells is well-known. In the pre-rigor
phase, the muscle regenerates ATP to maintain its relaxed state by metabolizing phos-
phocreatine and glycogen. Thus, the ATP concentration remains relative constant in
this time frame. According to literature, a conversion rate of 2mmol/kg from PCr to
Cr and 0.5 mmol/kg from ATP to IMP can be expected [64, 66, 69]. As two molecules
lactate are formed during glycolysis, the conversion rate from glycogen to lactate is
different: 9mmol/kg glycogen are metabolized to 18mmol/kg lactate in the pre-rigor
phase. The latter value was obtained from the lactate reference measurements. Addi-
tionally, the concentration of inorganic phosphate (Pi) can be expected to be increased
by 6mmol/kg [169, 232]. In parallel, the muscle’s pH decreased from 6.2 to 6.0. There-
fore, the spectrum of Pi is changed: The base peak at 987 cm
-1 decreases while the
acid peaks at 875 and 1074 cm-1 gain intensity. The same holds for the phosphorylated
metabolites of the glycolysis, ATP and IMP. Hence, for the difference spectra of the pure
compounds only spectra with the mean measured pH of the time slot were used. Beside
concentration and pH-induced changes, oxidative processes also alter the Raman spec-
tra. Here, the reduction of oxy-(oxy-Mb) to deoxymyoglobin (deoxy-Mb) play a major
role. When the sample was cut from the SM muscle, the meat surface was exposed to
oxygen which led to the formation of oxy-Mb. During the Raman measurements the
4.2. Early Postmortem Changes in Raman Spectra 61
Figure 4.3.: Measured difference spectrum 2 h minus <1 h p.m. (offset =
0.7 counts/mW·s) and the simulated spectrum (0.5) based on the difference
spectra creatine (Cr) minus phosphocreatine (PCr), lactate (L) minus glyco-
gen (G), deoxy- (deoxy-Mb) minus oxymyoglobin (Oxy-Mb) and the Raman
spectrum of 𝛼-helical proteins (𝛼). Raman signals of ATP (A), phospho-
rylated metabolites (R-P), inorganic phosphate (Pi) and the carbonyl band
(C=O) are marked with arrows.
exposure to air was reduced by the sensor head and deoxy-Mb is formed because, early
postmortem, the muscle cell’s mitochondria still consume oxygen. Hence, the difference
spectrum deoxy- minus oxymyoglobin reflects the situation in very early postmortem
meat. Not surprisingly, indication for a decrease of signals of 𝛼-helical proteins was
observed with peaks at 901, 935, 1309, 1448 and 1645 cm-1 as such a decrease was re-
ported upon storage of meat. However, the loss of signals from the 𝛼-helical secondary
structure in the early phase and the lack of increasing signals of beta sheet or random
coil structure in the amid I or III region is not understood. The origin of this decline of
𝛼-helical signals is unknown but may partly be explained by changing alignments of the
meat samples relative to the laser’s polarization during the experiments which would
have caused altering intensities of the 𝛼-helical signals.
The difference spectra of the metabolites were calculated and scaled as described
above, while the difference spectrum deoxy- minus oxymyoglobin and the spectrum of
𝛼-helical proteins were judiciously scaled for best agreement between measured and
calculated difference spectrum. Then, the difference spectra were summed up and com-
pared with the measured difference spectrum (see Fig. 4.3). Evidently, there is very
good agreement between the simulation and the measured spectrum especially in the
wavenumber area from 800 to 1150 cm-1 leaving only a few peaks unassigned. Namely,
the CH-deformation band at 1450 cm-1 and a peak at 1740 cm-1 are not well explained
and may belong to a compound not included in the simulation. The latter peak can be
assigned to C=O stretching vibrations of carbonyl groups of saturated esters or ketones
in five-membered rings [233].
In the rigor phase, the muscle’s energy storage is exhausted and the muscle enters the
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Figure 4.4.: Measured difference spectrum 8.5 h minus 2 h p.m. (offset =
1 counts/mW·s) and the simulated spectrum (0.6) based on the difference
spectra of inosine monophosphate (I) minus adenosine triphosphate (A), lac-
tate (L) minus glycogen (G), phosphoric acid (Pi) at pH 5.6 minus pH 6.0,
glucose 6-phosphate at pH 5.6 minus pH 6.0 and the Raman spectrum of
𝛼-helical proteins (𝛼). Raman signals of phosphorylated metabolites (R-P)
and the carbonyl band (C=O) are marked with arrows.
rigor mortis. At the beginning of this phase 2 h p.m., the phosphocreatine storage is
depleted and the muscle’s energy metabolism has to essentially rely on the energy pro-
duction via glycolysis [60]. Thus, between 2 and 8.5 h p.m. an average of 22mmol/kg
glycogen is metabolized to 44mmol/kg lactate [61, 64, 66]. Thereby, the pH dropped
from 6.0 to 5.6 which is close to the ultimate pH. At the same time, ATP is also re-
generated via the adenylate kinase (AK) reaction from two ADP molecules. In this
reaction, AMP is produced which is rapidly deaminized to IMP. Using only the AK
reaction and glycolysis, the muscle is not able to maintain constant ATP concentration.
Thus, a conversion rate of ATP to IMP of 3.1mmol/kg is observed in the rigor phase.
Pi is accumulated as the end product of the ATP degradation. Thus, its concentration
increases from 26 to 34mmol/kg [169, 232]. Furthermore, the pH-induced changes of Pi
and the phosphorylated metabolites of the glycolysis have to be accounted for. In the
simulation, this was done by using Raman spectra which were obtained at 𝑝𝐻 = 5.6
and 6.0 and, as a proxy for the phosphorylated metabolites, by using the spectrum of
glucose 6-phosphate. The latter is justified as G6P is the phosphorylated metabolite
with the highest concentration of up to 8mmol/kg [61]. This concentration is reached
after 2 h p.m. and remains almost constant for at least 12 h. Finally, loss of intensity or
degradation of 𝛼-helical proteins was also observed in this time frame at a much higher
level compared to the pre-rigor time frame.
Again, the sum of the difference spectra was calculated (see Fig. 4.4). In accordance
to the pre-rigor phase, very good results were also achieved for the rigor phase. Excel-
lent agreement was found between 1050 and 1700 cm-1, while minor deviations between
simulation and measurement can be found below 700 cm-1, between 770 and 800 cm-1
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and again in the carbonyl region around 1740 cm-1.
In the next step, the spectra of normal samples were compared with the two PSE-
tendency samples. Although the number of animals is small, the spectral data set
comprises 700 and 200 spectra of normal and deviating meat which represent an accu-
mulative integration time of 4.9 and 1.4 hours, respectively. Hence, there is a sound
spectroscopic basis and the difference spectra of the PSE-like samples can be reasonably
compared to the spectra of the RFN samples in the pre-rigor and rigor phase.
In the pre-rigor phase, the PSE-tendency samples revealed elevated metabolic activity
which is indicated by a lower pH45 and a higher rate of lactate formation. Accordingly,
the pH at the beginning of the pre-rigor phase was 5.8 and it decreased to 5.6 within 2 h.
In the Raman difference spectra, the accelerated metabolism was revealed by signals of
ATP at 1576 and IMP at 1551 cm-1. In normal meat, a difference between these peaks of
190 counts/Ws was found while PSE-like meat revealed a difference of 250 counts/Ws.
Hence, in PSE-like meat, more ATP was metabolized to IMP in the pre-rigor phase
which is in accordance to the literature [169, 234]. The quantitative determination of
this ratio could be very useful because the ratio ATP/IMP was reported to be an excellent
predictor for deviating metabolism hence meat qualities [63, 234]. At the same time,
a lower intensity of the pH-dependent triphosphate signal (mainly ATP) at 1119 cm-1
points to a lower absolute concentration in PSE-like samples. Also, formation of Pi is
higher as indicated by the signal at 875 cm-1. Due to the rapid exhaustion of the PCr
pool in PSE meat no further formation of Cr after 1 h p.m. was reported in literature
[61, 64, 66, 169] hence no spectral indication was found in the pre-rigor phase spectrum
of PSE-like meat.
In the rigor phase most of the differences are equalized between RFN and PSE-
tendency meat. In both qualities, ATP is degraded and the final concentrations of
lactate and Pi as well as the ultimate pH are reached. These parameters do not differ
significantly between RFN and PSE meat. However, the more rapid metabolism in the
PSE-tendency samples has left its spectral traces. The most obvious difference is the
higher loss of 𝛼-helical signal intensity, which points at the known denaturation of pro-
teins in PSE meat, which eventually leads to lower water holding capacity and higher
drip loss. As in the excised samples, the temperature within in the meat decreased faster
than in the complete carcass, the well-known degradation of the muscle proteins is min-
imized, which normally would occur when low pH and high temperature are combined.
Therefore, a stronger effect can be expected in intact PSE carcasses.
In summary, this study could follow and visualize the metabolic changes in pork meat
with Raman difference spectra in the pre-rigor and rigor phase. The observed changes
were successfully simulated using Raman spectra of the pure metabolites of appropriate
pH and concentrations taken from own measurements or from the literature. By this
means, excellent agreement between measured and simulated difference meat spectra
was achieved. The comparison between RFN and PSE-tendency meat indicated higher
conversion rate of ATP to IMP, lower concentration of ATP, a faster formation of Pi
and a lack of Cr formation for the PSE-tendency meat in the pre-rigor phase and a
significantly higher loss of signals from 𝛼-helical proteins in the rigor phase. Hence, the
potential of portable Raman spectroscopy to follow the early postmortem metabolism
in pork meat was demonstrated. The Raman spectra were shown to give a deeper
insight into the metabolic conditions than the pH measurements and they provide the
information non-invasively and faster than classic reference methods.
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4.3. Prediction of Quality Traits from Early Postmortem
Raman Spectra
“Truth is what stands the
test of experience.”
Albert Einstein
To this point, Raman spectroscopy was shown to
measure the pH value early postmortem of excised
porcine SM muscle in the laboratory. Moreover,
essential energy metabolites were identified in the
spectra of pork meat. As the early postmortem
metabolism determines quality traits like pH24, drip loss, color and shear force, it was
interesting to investigate whether these parameters can be predicted from Raman spectra
measured in abattoirs. To this end, two field studies were performed in two different
commercial abattoirs. In the first study, the Raman spectra were obtained in the chiller
1–2 h p.m., while the spectra in second study were measured at the slaughterline between
30 and 60 min p.m.. The results of the first study are described in publication 3 and
summarized in the following section. The second, unpublished field study is presented
in section 4.3.2.
4.3.1. Field Study in the Chiller
In this experiment, Raman and reference measurements were performed as part of a
larger study with the left topside (SM) of 96 pigs representing a random sample of
typical pig breeds slaughtered in Germany. The Raman spectra were obtained using the
portable Raman system described in section 3.2. In the cooling room of an abattoir, ten
Raman spectra were recorded with an integration time of 2.5 s at the freshly cut surface of
each muscle between 60 and 120 min after slaughter. Prior to these measurements, pH45
was measured in duplicate using a puncture electrode. After 24 h, the pH measurement
was repeated and L*a*b* values were determined in triplicate. Shear force values were
measured 24 and again 72 h p.m. using a Warner-Bratzler system. Additionally, drip
loss was determined 72 h after slaughter. The reference measurements were performed
by researchers of the Max Rubner-Institut in Kulmbach, Germany.
Using the flow chart introduced in section 2.2.4, the meat samples were sorted in
eight quality groups. To show differences in the Raman spectra between normal and
PSE meat, the difference spectrum RFN minus PSE was calculated. RFN was chosen
because it is the reference quality, while PSE was selected because it is the most prob-
lematic quality deviation. The data set contained 31 RFN and 6 PSE samples. The
difference spectrum revealed the different metabolic states of the two meat qualities (see
Fig. 4.5). For instance, the advanced metabolic state of PSE compared to RFN meat
is reflected by negative creatine signals at 826 and 1040 cm-1 in the difference spectrum
which indicates a faster decay of phosphocreatine in PSE meat. At the same time, higher
concentrations of PCr in RFN meat are indicated by positive signals at 849 and 976 cm-1.
The latter is superimposed by further phosphorylated metabolites which add intensity
to this peak. Similar observations can be made for the metabolic pairs glycogen/lactate
and ATP/IMP. The accelerated metabolism in PSE meat leads to a faster acidification,
which is reflected in the Raman difference spectrum by the pH-dependent signals of in-
organic phosphate and the terminal phosphate moiety at 872, 976 and 1077 cm-1. The
signal at 976 cm-1 is stronger under less acidic conditions and indicates the higher pH
in RFN meat. On the other hand, the signals at 872 and 1077 cm-1 are increased under
more acidic conditions in PSE meat. This is confirmed by the reference measurements
which yielded 𝑝𝐻45 = 6.4 for RFN and 5.5 for PSE meat. Also, signals of 𝛼-helical
proteins were more pronounced in RFN meat. These observations confirm the earlier
findings in the laboratory as described in the previous section and in publication 2.
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Figure 4.5.: Averaged spectra of 6 PSE samples (red line), 31 RFN samples (black) and
the difference spectrum RFN minus PSE (black bold). Indicated by arrows:
adenosine triphosphate (A), inosine monophosphate (I), glycogen (G), lac-
tate (L), inorganic phosphate (Pi), phosphorylated metabolites (R-P), cre-
atine (Cr), phosphocreatine (PCr) and 𝛼-helical proteins (𝛼).
The Raman spectra were shown to indicate the metabolic state of the semimembra-
nosus muscle and it is reasonable to evaluate to what extent the spectral information
can be used to predict meat quality traits. Firstly, the Raman spectra were correlated
with the pH45 values. Here, the VIP based reduction of spectral channels was used as
described in section 3.4.3 to calculate optimized PLSR models. Using this procedure,
the RMSECV could be reduced by up to 35% in this work. The coefficients of deter-
mination were promising with 𝑅2 = 0.82 and 𝑅2𭑐𭑣 = 0.65 for pH45.The model yielded
𝑅𝑀𝑆𝐸𝐶 = 0.11 and 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.17 pH-units which comes close to the estimated er-
ror of the pH measurement of 0.06–0.14 pH-units. However, as the pH values were mea-
sured 45 min p.m., while the Raman measurements started between 60 and 120 min p.m.,
some deviation between measured and predicted pH has to be expected. Furthermore,
the pH was measured inside the SM while the Raman spectra were obtained from the
meat surface which adds some deviation.
The Raman signals which provided relevant information for the prediction of the pH45
are highlighted in the VIP plot of the PLSR model. The most important signal can be
assigned to the symmetric stretching 𝑃𝑂2−3 vibration of the terminal phosphate moiety
at 976 cm-1 which acts as an indicator for pH. Secondly, a broad wavenumber region
around the peak at 928 cm-1 is weighted. Additional peaks at 1300 and 1455 cm-1
point to 𝛼-helical protein signals. Furthermore, peaks of lactate, ATP, creatine and
phosphocreatine are utilized to predict pH45.
To this point, the results confirm the findings of publication 1: The early postmortem
Raman spectra of pork can be used to determine the current pH. To investigate the
potential of Raman spectroscopy to predict further quality traits, PLSR correlations
with pH24, color, drip loss and shear force were calculated.
A good correlation was found between the Raman spectra and the pH24. The PLSR
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model yielded 𝑅2 = 0.84 and 𝑅2𭑐𭑣 = 0.68 and prediction errors of 𝑅𝑀𝑆𝐸𝐶 = 0.06
and 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.09 pH-units. The good predictability of pH24 from Raman spectra
obtained 1–2 h p.m. can partly be explained by the smaller variance of the ultimate pH
of 0.01–0.05 pH-units. On the other hand, this is a result of the early postmortem energy
metabolism of meat and its correlation with ultimate pH. The concentration of glycogen
is limiting the final concentration of lactate and H+ ions hence the ultimate pH. Besides
signals of glycogen, the Raman spectra contain signals of lactate, PCr, Cr, ATP, ADP,
IMP and Pi which provide further information about the metabolic conditions within
the muscle cells and which indicate the ultimate pH of the muscle.
The VIP plot of the pH24 model is quite different from the VIP plot for the correlation
with pH45. Here, the prediction is mainly based on energy metabolites but not on the
peaks which indicate the current pH. The strongest peak in the VIP plot can be found
at 1109 cm-1 which is assigned to ADP. A smaller peak at 1120 cm-1 is assigned to the
triphosphate ATP. Apparently, the PLSR model utilizes different concentrations of ADP
and ATP to predict the final pH values. In literature, this is known for ATP in pork
muscle in which a difference of 3mmol/kg of ATP was found between RFN and DFD
(high pH24) in the time frame from 30 to 120 min after slaughter [169]. Additionally,
a 17mmol/kg higher concentration of Pi in DFD and a four times higher concentration
of phosphocreatine in RFN were reported in this study. This is also reflected in the
VIP plot: Three distinct signals at 875, 978 and 1078 cm-1 indicate the influence of the
concentration of Pi, while signals at 826, 855, 978 and 1037 cm
-1 indicate the conversion
of PCr to Cr. As DFD meat has much lower content of glycogen than RFN meat [64],
signals from glycogen and lactate are used. Additional peaks at 1455 cm-1 (CH, CH2 and
CH3 deformation modes) and between 1630 and 1690 cm
-1 (Amid I) were also weighted
in the VIP plot although their correlation with ultimate pH and their origin in metabolic
compounds or structural features is unknown. Interestingly, a broad band at 1740 cm-1
(𝐶 = 𝑂 stretching vibration of the carbonyl group) is weighted but its origin remains
also unclear.
The color of the meat is important for the buying decision of the consumer but, to
date, the color can only be determined 24 h after slaughter. Its prediction from early
postmortem Raman spectra could be beneficial for the meat industry. The prediction
of the L* values from the early postmortem Raman spectra was promising. The PLSR
model yielded good correlations (𝑅2 = 0.95 and 𝑅2𭑐𭑣 = 0.64) and prediction errors
(𝑅𝑀𝑆𝐸𝐶 = 0.7 and 𝑅𝑀𝑆𝐸𝐶𝑉 = 1.9) considering the reference error of the measurement
of 0.9 using the Minolta CR400 device. The PLSR models for a* and b* values performed
very differently. For a*, only a moderate correlation (𝑅2 = 0.46) was found while b*
was highly correlated (𝑅2 = 0.9) with the early postmortem Raman spectra. The PLSR
model for b* yielded 𝑅𝑀𝑆𝐸𝐶 = 0.4 and 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.6 which are comparable to the
reference error of 0.3.
Meat color is mainly determined by the concentration of oxymyoglobin, deoxymyo-
globin and metmyoglobin of which oxy- and deoxymyoglobin were shown to contribute
to the early postmortem pork spectra. However, meat color 45 min p.m. was reported
not to be indicative for ultimate color in porcine SM and LD muscles [196]. Thus, the
L*a*b* values have to be predicted indirectly from the Raman spectra. It is known that
the early conditions after death such as rate of glycolysis, pH and temperature play a
major role in determining the meat color [116, 117]. For instance, high temperature in
combination with low pH45 in the muscle leads to denaturation of proteins which in-
fluences light scattering. Furthermore, a high pH45 was associated with a decreased L*
values in LD and SM pork meat [196]. As the present data show only a weak correlation
between pH45 and L* (𝑟 = −0.27) it is concluded that the correlation is not indirectly
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based on the pH information of the spectra. This is confirmed by the VIP plot of the L*
model, which weights signals of glycogen and 𝛼-helical proteins but not the indicative
signals of phosphate. On the other hand, the pH24 does correlate with the L* with a
coefficient of 𝑟 = −0.6. This is in keeping with the known relationship between ultimate
pH and L* value [235]. The model for a* relies mainly on signals of 𝛼-helical proteins but
also strongly weighs peaks at 999 and 1038 cm-1, presumably attributed to phenylalanine
and creatine/lactate, respectively. The VIP plot of the b* model is a combination of the
plot of L* and a*.
In contrast to color, the relationship between early postmortem metabolism and drip
loss is well-known [66, 95, 107]. In general, perimortem stress leads to high drip loss
while antemortem exhaustion of the glycogen reservoir leads to very low drip loss. Thus,
the energy compounds indicating the metabolic state of the muscle can be used to predict
drip loss. As was shown in publication 2, the early postmortem spectra comprise the
Raman signals of these components. Accordingly, the PLSR model to predict DL from
Raman spectra yields good results: 𝑅2 = 0.9 and 𝑅2𭑐𭑣 = 0.73, 𝑅𝑀𝑆𝐸𝐶 = 0.6% and
𝑅𝑀𝑆𝐸𝐶𝑉 = 1.0%. In comparison to the overall variation of drip loss of 0.7–9.2% and
the error of the reference method of 0.3–1.3%, the PLSR prediction is very accurate.
The VIP plot indicates the influence of signals from lactate, glycogen, ADP, adenine,
creatine, the terminal phosphate groups and the carbonyl group which is in accordance
to the above statement: The prediction of drip loss is mostly based on Raman signals
which indicate the state of the energy metabolism of the muscle.
The rate of postmortem pH decline is known to influence the rate of tenderization
[155, 156]. Interestingly, the shear force values measured 24 and 72 h p.m. revealed only
a moderate correlation of 𝑅2 = 0.35. Accordingly, the PLSR correlations of the Raman
spectra and the shear force data performed very differently: While only a moderate
relationship was found for SF 24 h p.m. with 𝑅2 = 0.37 and 𝑅𝑀𝑆𝐸𝐶𝑉 = 7.8N, a much
better model was obtained for SF 72 h p.m. with 𝑅2 = 0.95 and 𝑅𝑀𝑆𝐸𝐶𝑉 = 4.0N. The
latter cross-validation error is comparable to the estimated reference error of 4.6N. The
good predictability of the shear force value measured after 72 h p.m. is surprising when
the relatively small variance of the SF data of 6.9N is considered. Here, the ratio of
the standard deviation to the reference error is below 1.5. However, the Raman spectra
reflect the rate of early postmortem metabolism and it is reasonable to assume that
this relationship is the reason for the good prediction of SF 72 h post mortem. On the
other hand, the shear force values 24 h p.m. are not very reliable as no tenderization
took place after only one day of ageing. Therefore, effects such as the shortening of the
sarcomers during rigor mortis or its duration may interfere with the SF measurement
24 h after slaughter and may disturb the SF24 prediction from the early postmortem
Raman spectra.
In summary, the portable Raman system described in section 3.2 was tested in a series
of Raman measurements in a commercial abattoir. PLSR models yielded promising cor-
relations (0.8 < 𝑅2 < 0.9) for pH45 and pH24 and even better correlations (𝑅
2  >  0.9)
for drip loss, L* , b* and shear force 72 h p.m. Only moderate correlation were found for
shear force 24 h p.m (𝑅2 =  0.37) and the a* value (𝑅2 = 0.48). Using difference spec-
tra between PSE and RFN meat, the results of publication 2 were confirmed: Raman
spectra are a reliable indicator for the state of the early postmortem metabolism. The
metabolites glycogen/lactate, ATP/IMP, creatine/phosphocreatine and the phosphate
group were identified in the difference spectra. The signals of these metabolites were,
amongst others, used by the PLSR models to predict the reference parameters of which
especially drip loss and shear force are presently only available via time consuming and
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invasive reference analyses. In this study, the feasibility to apply Raman spectroscopy
to predict six important quality traits was proven using a portable Raman system and
spectra with only 2.5 s integration time and ten repetitions during early postmortem
in-situ measurements under real-life conditions.
4.3.2. Field Study at the Slaughterline
“Anything worth doing is
worth doing twice, the first
time quick and dirty and
the second time the best
way you can.”
Arthur L. Schawlow
A second field study was performed to confirm the
promising results of study 1. However, the time
of measurement of study 1 is impractical for an
application in an industrial slaughtering process.
Hence, in study 2 the first attempt was made to
perform the Raman measurements directly at the
slaughterline in the time slot from 30 to 60 min
post mortem. This study and its results are not
yet presented or published elsewhere.
Experimental
Figure 4.6.: Measurements at the veteri-
narian line with the portable
Raman system during field
study 2.
Raman and reference measurements were
performed as part of a larger study with
151 porcine SM muscles which represent a
random sample of pig breeds slaughtered
in Switzerland. Early postmortem Raman
and pH measurements were performed
along the slaughterline during the normal
operation of the abattoir. To this end,
3–5 carcasses at a time were moved from
the main slaughterline to the veterinarian
line (see Fig. 4.6). Then, 3–6 pH mea-
surements were conducted 25–40 min p.m.
using a puncture electrode (Portamess 913
X pH, Fa. Knick, Berlin). Subsequently,
seven Raman spectra of meat were ob-
tained from the freshly cut surface of the
SM muscle. The integration time was set
to 2.5 s and six accumulations were mea-
sured at each spot. The spectra for each
muscle were averaged for further analysis.
Due to the accidental occurrence of fat
spectra, the measurement time per car-
cass altered between 1.5 and 6 min. In
comparison to field study 1, the number
of accumulations was increased from 1 to
5 and the same integration time of 2.5 s,
but the number of repetitions at different
spots on the meat surface was reduced from 10 to 7. The main difference to study 1 is
that the spectra were measured 30 min earlier and the time slot for the Raman mea-
surements was reduced to 30 min. The experimental settings of both field studies are
summarized in Tab. 4.1.
After 24 h, the SM muscles were excised. During the deboning process, 15 SM samples
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Table 4.1.: Comparison of experimental characteristics between field study 1 and 2.











Measuring time p.m. / min 60–120 30–60
Integration time / s 2.5 2.5
Accumulations 1 6
Repetitions 10 7






Early postmortem pH / min 45 25–40
Ultimate pH / h 24 24
Color / h 24 24
Drip loss / h 72 72
Shear force / d 3 7
were lost, which reduced the number of samples for the subsequent analysis to 136. In
the laboratory, two pH values were obtained using the same puncture electrode that
was used in the abattoir. Additionally, L* measurements with a Minolta Chromameter
CM-2500d (Konica Minolta Sensing Europe B.V., Swiss Branch Dietikon) were con-
ducted in duplicate, but not at day 1. This reduced the number of L* values to 96.
Then, a slice of the muscle was weighted, suspended in a box and stored for 48 h. After
72 h, the samples were reweighted and the difference between initial and ultimate weight
was expressed as percentage weight loss. In both studies, Warner-Bratzler systems with
a V-shaped blade were used to perform the shear force measurements and the samples
were sliced, vacuum packaged and deep-frozen at day 1. In study 2, the samples were
thawed at day 7 in a water bath at 20°C for two hours and subsequently cooked in a
water bath at 72°C for 45 min. After cooling under running tap water for 10 min, the
shear force was measured on six cores per slice sheared perpendicular to the direction of
the muscle fibers with a cross section of 1x1 cm2 using a TA.HDplus Texture Analyzer
(Stable Micro Systems Ltd, Surrey, UK).
In conclusion, the reference measurements were performed very similar to field study 1
except the point in time of the shear force measurement. For further analysis, the
averaged pH, L*, DL and SF values were used per sample.
Results – Reference Measurements
An overview of the results of the reference measurements of both field studies is given
in Tab. 4.2. The early pH measurement in study 2 was performed ten minutes earlier in
average than in study 1 which partly explains the higher average pH of 6.58. However,
the difference of 0.3 pH-units is too high to be simply explained by the time difference.
The main reason is that in field study 1 samples with (on average) elevated metabolism,
hence faster acidification, were measured. Accordingly, the first data set comprises six
PSE samples while the second data set is missing this quality. This results in a two times
higher standard deviation in the first data set. The error of the reference method was
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Table 4.2.: Overview of the reference results of both field studies (values of field study 1
in brackets) with number of samples, mean, minimum and maximum value,
standard deviation (SD), error of the reference method (Ref. error) and the
ratio SD/Ref. error.
Parameter pH35 (pH45) pH24 L* DL / % SF7(3) / N
Samples 151 (96) 136 (96) 96 (96) 136 (81) 136 (64)
Mean 6.58 (6.29) 5.42 (5.53) 50.0 (48.8) 2.8 (4.1) 35 (49)
Min 6.09 (5.41) 5.30 (5.28) 42.5 (41.0) 0.9 (0.7) 24 (36)
Max 6.94 (6.80) 5.65 (6.13) 56.2 (55.1) 5.1 (9.2) 67 (69)
SD 0.14 (0.29) 0.06 (0.15) 2.4 (3.1) 0.9 (1.9) 6 (7)
Ref. error 0.08 (0.06–0.14) 0.02 (0.04) 1.3 (0.9) 0.3–1.3a 4 (5)





comparable in both studies. In study 2, the error of the pH45 measurement was calculated
from the within-sample standard deviation. Due to the higher standard deviation the
ratio between SD and reference error is higher in study 1. This ratio is a measure of the
precision of the reference method and of the utmost importance for the calculation of
regression models. A ratio below 2 cannot give a relevant prediction, between 2.0 and
3.0 it is regarded adequate for rough screening and above 3.0 as satisfactory for screening
[236]3. With only 1.8, the ratio of the early postmortem pH in study 2 is rather low.
Similar to the early postmortem pH, the ultimate pH values also reveal distinct differ-
ences between the two studies. While the averaged and minimum pH24 values are com-
parable, the maximum values differ by about 0.5 pH-units. Data set 1 comprises three
DFD and five DFD-tendency samples while data set 2 is missing these qualities. This
leads to a more than two times higher standard deviation in study 1. As described in
section 4.1, the heterogeneity inside the SM muscle is increasing between slaughtering
and 5–6 h p.m. while it is decreasing afterwards, until the minimum variance is reached
after 24 h. This is reflected by the reference error which is mainly caused by the intrinsic
heterogeneity of the SM muscle. While the error of the early pH measurement is high
but comparable between both studies, the pH24 error is low but two times higher in
study 1. This may be explained by the higher overall variance in this data set. However,
both studies reveal a sufficient variance with a low reference error as indicated by the
ratio SD/Ref. error of 3.8 and 3.0, respectively.
Interestingly, the distinct pH differences are only partly reflected by the L* values.
Mean, minimum and maximum value are shifted by 1–1.5 between the studies indicating
slightly paler meat in study 2. The standard deviation of field study 1 of 3.1 is slightly
increased in comparison to 2.4 in study 2. The reference error is higher in study 2 because
only duplicate measurements were performed in opposite to triplicate measurements in
study 1. Therefore, the ratio of the standard deviation to the reference error is decreased
from 3.5 in study 1 to 1.8 in study 2. Hence, a better correlation with the Raman spectra
can be expected in study 1.
The difference in the distribution of meat quality between both data sets is confirmed
3The authors also stated that only values of 5 and upward are suitable for quality control analysis.
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Figure 4.7.: Comparison of meat qualities of field study 1 (left) and 2 (right).
by the drip loss. While the mean DL of data set 1 is 4.1%, the average drip loss in
data set 2 was 2.8%. Accordingly, with a maximum value of 5.1%, data set 2 contains
only one sample with drip loss above 5%, while almost 40% of the samples of data set 1
revealed elevated drip loss. The maximum value in this data set was 9.2% which is
in agreement with the occurrence of PSE. Correspondingly, the standard deviation was
more than two times higher in data set 1. As the drip loss measurement was conducted
only once per sample, the reference error of 0.3–1.3% was obtained from the literature
[166]. Due to the margin of 1%, the ratio SD/Ref. error range from 1.5 to 6.3 in study 1
and from 0.7 to 3.0 in study 2.
As the tenderness of the muscle increases with time [68], the shear force values in
study 1 are higher because they were obtained after 3 days while the SF measurements
in study 2 were conducted after 7 days. Interestingly, this is reflected by the minimum,
but not by the maximum SF value. Both, the standard deviations and the reference
errors of the Warner-Bratzler method were comparable. However, the ratio SD/Ref.
error of 1.5 and 1.4 indicate poor preconditions for the calculation of regression models.
In conclusion, data set 2 consists of more homogeneous samples indicated by lower
standard deviations for the measured reference parameters. Also, data set 2 comprises
higher quality samples regarding early postmortem pH, ultimate pH and drip loss. L*
measurements performed comparable. The time difference of the shear force measure-
ments is resulting in higher SF values in study 1. The error of the reference methods
used to measure pH, L*, drip loss and shear force were comparable.
The difference in quality is also reflected in Fig. 4.7 in which both field studies are com-
pared regarding their quality distribution. Here, the flowchart presented in section 2.2.4
was applied to classify the meat samples of both studies. Apparently, study 1 comprises
almost 50% deviating meat qualities namely DFD, DFD-tendency, PSE, PSE-tendency
and RSE while study 2 contains only one PSE-tendency sample. The high amount of
acid meat in study 2 is surprising but the oftenly reported high drip loss of this qual-
ity could not be observed in this data set [90]. Here, the AM, PFN and RFN samples
revealed an averaged drip loss of 3.1, 2.7 and 2.6%, respectively.
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Results – Raman Spectra
Data analysis was performed as in field study 1 to assure comparability between both
studies. However, the times of measurement of the early postmortem Raman spectra
were different and the post-slaughter treatment was different between the German and
Swiss abattoir. Therefore, the Raman spectra and the PLSR models can be compared,
but the Raman spectra of study 2 cannot be utilized as a validation of the PLSR models
of study 1.
The PLSR correlation of the Raman spectra and the pH35 values yielded good coeffi-
cients of determination with 𝑅2 = 0.75 and 𝑅2𭑐𭑣 = 0.55 (see also Tab. 4.3 and Fig. 4.8).
In Fig. 4.8, the PLSR predictions of the pH35 values which were derived during the
calibration (cal) and the cross-validation (cv) are depicted separately. In this model,
excellent 𝑅𝑀𝑆𝐸𝐶 and 𝑅𝑀𝑆𝐸𝐶𝑉 were calculated with 0.07 and 0.09 pH-units, which is
in accordance to the error of the reference measurement of 0.08 pH-units using a punc-
ture electrode. In principle, the reference error limits the predictive ability of regression
models. In comparison to field study 1, the prediction of the early postmortem pH was
improved from 𝑅𝑀𝑆𝐸𝐶 = 0.11 to 0.07 pH-units and from 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.17 to 0.09 pH-
units. The coefficients of determination deteriorated slightly due to the 50% smaller
standard deviation in data set 2. The PLSR model of study 2 performed better due to:
1. More than four times higher integration time per sample (7×6×2.5s = 105s versus
10×2.5s = 25s ) leading to an improvement of the signal to noise ratio by a factor
2,
2. a shorter offset between pH and Raman measurement (5–15 min versus 15–75),
3. a 50% shorter period in which the Raman measurements were conducted (30 versus
60 min) and
4. a higher number of pH measurements per sample (3–6 versus 2).
The last point influences the PLSR prediction because the reference error is decreased
if the number of measurements per sample is increased.
Table 4.3.: Number of latent variables (LVs), number of spectral channels (NSC) and
figures of merit of the PLSR correlations with the corresponding parameters
of both field studies (field study 1 in brackets). For comparison, standard
deviation (SD) of the reference data set and error of the reference method
(Ref. error) are presented.
Parameter pH35 (pH45) pH24 L* DL / % SF7(3) / N
LVs 8 (8) 9 (6) 1 (9) 9 (7) 1 (10)
NSC 183 (123) 130 (99) 1024 (261) 122 (87) 1024 (95)
R2 0.75 (0.82) 0.58 (0.85) <0.1 (0.95) 0.83 (0.90) <0.1 (0.95)
𝑅2𭑐𭑣 0.55 (0.65) 0.31 (0.68) <0.1 (0.64) 0.52 (0.73) <0.1 (0.70)
RMSEC 0.07 (0.11) 0.04 (0.06) 2.3 (0.7) 0.4 (0.6) 6 (1.4)
RMSECV 0.09 (0.17) 0.05 (0.09) 2.4 (1.9) 0.6 (1.0) 6 (4)
SD 0.14 (0.29) 0.06 (0.15) 2.4 (3.1) 0.9 (1.9) 6 (7)
Ref. error 0.08 (0.06–0.14) 0.02 (0.04) 1.3 (0.9) 0.3–1.3a 4 (5)
a from [166]
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Figure 4.8.: (left) Correlation of pH35 predicted from Raman spectra (cv = cross-
validation, cal = calibration) with PLSR versus pH35 measured with the
puncture electrode. (right) VIP plot calculated from PLSR model, exclu-
sion band with VIP score < 1 (gray) and relevant Raman signals marked by
their wavenumbers.
As in study 1, VIP plots are used to determine which Raman signals are relevant for
the prediction of a given reference parameter (see Fig. 4.8). In case of pH35, the VIP plot
reveals a strong influence of the phosphate vibration at 976 cm-1 which is in accordance
to field study 1. Unlike study 1, the associated phosphate vibration at 1078 cm-1 is also
weighted. Peaks at 538, 853 and 1042 cm-1 are assigned to lactate, while the peaks at
939 and 1340 cm-1 are related to glycogen. Besides the signal at 1340 cm-1, these signals
were also weighted in the PLSR model of field study 1. The signal at 1042 cm-1 in the
Raman spectra is only partly explained by lactate but mostly by creatine, which has
a second strong signal at 825 cm-1 (with a small contribution to this signal by sugar
phosphates). The signal at 825 cm-1 is weighted as the second strongest signal in the
VIP plot indicating a strong influence of the creatine concentration for the pH35 model.
This is explained by the higher conversion rate of phosphocreatine to creatine in the
earlier time frame from 30 to 60 min compared to the later time frame of study 1 from
60 to 120 min post mortem [61, 64, 66]. Signals of phosphocreatine can be found at
849 and 978 cm-1. The first is superimposed by the strong lactate vibration at 855 cm-1.
The partial cancellation of these signals may be the reason for the rather weak VIP
score at 853 cm-1. The latter adds intensity to the phosphate signal at 976 cm-1. Besides
the small VIP scores at 1300 and 1575 cm-1, no indication for an influence of the ATP
concentration can be found in this VIP plot which is in contrast to field study 1. This
may be explained by the different time frames in which the Raman spectra were obtained.
The ATP concentration was shown to be nearly constant in the first hour after slaughter
[61]. Thus, the ATP signals are relatively constant and cannot be utilized as an indicator
for the metabolic activity. The time difference may also explain why signals of 𝛼-helical
proteins were weighted in field study 1 but not in study 2.
In field study 1, the pH24 could be predicted from the early postmortem Raman
spectra with high accuracy (𝑅𝑀𝑆𝐸𝐶𝑉 = 0.09 pH-units). It was interesting to evaluate
whether this could be repeated in field study 2. The PLSR model is presented in Fig. 4.9
and yields 𝑅2 = 0.58 and 𝑅2𭑐𭑣 = 0.31. This is rather poor in comparison to the results
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Figure 4.9.: (left) Correlation of pH24 predicted from the Raman spectra (cv = cross-
validation, cal = calibration) with PLSR versus pH24 measured with the
puncture electrode. (right) VIP plot calculated from PLSR model, exclu-
sion band with VIP score < 1 (gray) and relevant Raman signals assigned
marked by their wavenumbers.
of field study 1 with 𝑅2 = 0.84 and 𝑅2𭑐𭑣 = 0.68. However, this is partly explained by
the more than two times smaller standard deviation in data set 2. Due to the small
variance in the pH24, the model performs seemingly inferior but when the 𝑅𝑀𝑆𝐸𝐶𝑉’s
are compared, the higher predictive power of model 2 is revealed. With the data of
study 2, the PLSR model yields 𝑅𝑀𝑆𝐸𝐶 = 0.04 and 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.05 pH-units. The
improved performance can be explained by the higher integration time, the shorter time
frame in which the spectra were measured and the smaller reference error of the pH24
measurement in field study 2.
Again, the VIP plot is used to reveal the most relevant Raman peaks for the pH24
prediction (see Fig. 4.9). In contrast to field study 1, the model does not rely on the
ADP peak at 1109, but on the ATP peak at 1124 cm-1. Additional ATP signals can be
found at 731 and 1340 cm-1. Besides, the strong signal at 860 cm-1 may be assigned to
lactate and the signal at 939 cm-1 to glycogen although the wavenumbers are slightly
shifted from 855 and 937 cm-1, respectively. The PLSR utilizes these metabolites because
the lactate and glycogen concentrations are closely related, and the amount of glycogen
defines the ability of the muscle for acidification hence the ultimate pH. In accordance
to study 1, inorganic phosphate signals are weighted at 875, 976 and 1078 cm-1. Besides
976 cm-1, no further signals of PCr and Cr can be found in the VIP score plot which is
in conflict with study 1. In addition, two signals at 812 and 1433 cm-1, which are not
yet assigned, were not weighted in the VIP plot of study 1.
The color of the meat is an important parameter in the consumer’s perception. Hence,
its predictability from early postmortem Raman spectra is of high interest. In field
study 1, the PLSR model for the prediction of L* and b* value yielded very good results
with 𝑅2 > 0.9, while the correlation between early postmortem Raman spectra and a*
value was only moderate (𝑅2 = 0.48). In field study 2, only L* values were measured as
color parameters. The PLSR model yielded a very poor correlation with coefficients of
determination below 0.1 while RMSEC and RMSECV were comparable to the standard
deviation in the data set. This PLSR model has no predictive power and is not presented
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Figure 4.10.: (left) Correlation of drip loss predicted from the Raman spectra (cv =
cross-validation, cal = calibration) with PLSR versus drip loss measured
with the box method. (right) VIP plot calculated from PLSR model, exclu-
sion band with VIP score < 1 (gray) and relevant Raman signals assigned
with its respective wavenumbers.
for that reason. This may partly be explained by the low ratio of the standard deviation
to the reference error of 1.8 in this data set. In data set 1, this ratio was almost twice
as high with 3.5. On the other hand, a good model was achieved using the pH35 data in
field study 2 with an equally low ratio of 1.8 and in field study 1, a promising model could
also be calculated for shear force data 72 h p.m. with an even lower ratio of 1.4. Due
to the contradictory results in both studies, no conclusive statement can be provided to
this point regarding the ability of early postmortem Raman spectra to predict the L*
value, except that the time of measurement is important.
The good prediction of the drip loss measured after 72 h from the early postmortem
Raman spectra in field study 1 is even excelled in study 2 (see Fig. 4.10). Here, the
PLSR model for the prediction of drip loss yielded 𝑅2 = 0.83 and 𝑅2𭑐𭑣 = 0.52. Due to
the small variance of the DL data (0.9%) compared to study 1 (1.9%) the coefficients
of determination are slightly inferior in this model. However, with 𝑅𝑀𝑆𝐸𝐶 = 0.4%
and 𝑅𝑀𝑆𝐸𝐶𝑉 = 0.6%, its predictive power is considerably higher than in study 1
with 𝑅𝑀𝑆𝐸𝐶 = 0.6% and 𝑅𝑀𝑆𝐸𝐶𝑉 = 1.0%. This is again explained by the higher
integration time per sample and the shorter period of the Raman measurements.
The VIP plot reveals strong influence of the phosphate concentration and the current
pH value with the two phosphate signals at 976 and 1080 cm-1 (see Fig. 4.10). Besides,
signals at 855 and 1450 cm-1 assigned to lactate and at 827 cm-1 assigned to creatine and
phosphorylated sugars are weighted in the PLSR model. To this point, the weighted
peaks are in good accordance to the PLSR model calculated in field study 1. However,
the VIP plot in field study 2 indicates influence of the signal at 1124 cm-1 assigned to the
triphosphate moiety of ATP. On the other hand, signals of ADP, IMP and PCr, which
were used in the model of field study 1, are not weighted in this PLSR correlation. In
conclusion, both models performed promising, but the VIP plots of study 1 and 2 reveal
distinct differences which Raman signals are the basis for these predictions. This may
be explained by the different measuring time (60–120 min vs. 30–60 min p.m.) and
location (cooling room vs. slaughterline) in both studies.
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The correlation between early postmortem Raman spectra and shear force measured
7 d p.m. yielded only very low coefficients of determination with 𝑅2 < 0.1 and 𝑅2𭑐𭑣 < 0.1
and prediction errors equal to the standard deviation of the data set. This may be caused
by the low ratio of the standard deviation and the reference error of 1.54. Another reason
may be the late determination of the shear force. As the SF values obtained at day 1 in
field study 1 could not be predicted, the ability of the early postmortem Raman spectra
to predict SF is contradictory. A possible interpretation is that the early postmortem
metabolism partly determines the velocity of the tenderization process. This could
explain the lack of predictability of day 1 and 7 SF values. At day 1, tenderization has
not yet started and at day 7 the process is too far advanced. Another explanation is
that the early postmortem Raman spectra in field study 2 were measured too early to
allow for a prediction of SF.
Summary
The second data set comprises meat of higher quality as indicated by higher early post-
mortem pH, lower pH24 and lower drip loss. The L* values of both data sets are com-
parable while the shear force values in study 2 are lower on average due to the later
measurement 7 days after slaughter. The PLSR correlations between the early post-
mortem Raman spectra and pH35, pH24 and drip loss yielded 40–50% lower RMSECVs
in field study 2. In fact, the prediction errors were nearly equal to the reference errors.
This is mainly the result of four differences between both studies: Higher integration
time, smaller time difference between pH and Raman measurement, shorter time frame
in which the Raman measurements were conducted and a lower reference error in case of
pH35 and pH24. Due to different post-slaughter handling in both abattoirs and different
time frame and location of the Raman measurements in both studies, the data of study 2
could not be used to validate the models of study 1. Nevertheless, the PLSR correlations
mainly rely on the same energy metabolites which were also identified in field study 1.
In both studies glycogen, lactate, creatine, phosphocreatine, ATP, ADP and the phos-
phate group were identified as key factors for the prediction of pH35, pH24 and drip loss.
The differences between the VIP plots are explained by the different time frames of the
Raman measurements in both studies. The good predictability of L* value and shear
force in study 1 could not be confirmed in study 2, which may be explained by the high
reference error of these quality traits. The ratio SD/Ref. error was only 1.8 and 1.5 in
case of L* and shear force, respectively. In addition, the very poor correlation in this
study may be explained by a too early time frame in which the Raman measurements
were conducted.
In conclusion, the second field study confirms the good predictability of pH35/pH45,
ultimate pH and drip loss, but more research has to be done to evaluate the potential
of early postmortem Raman spectra to predict color and shear force of pork meat.
At this point, it is interesting to evaluate the predictive performance of Raman spec-
troscopy in both field studies in comparison to other spectroscopic techniques. How-
ever, a comparison between the field studies and the literature studies presented in
section 2.2.5 is very complicated due to differences in animal species, muscle, sample
number, time of spectroscopic and reference measurements, variability of the reference
parameters, data preprocessing and data analysis:
• The pH45 has never been successfully predicted from spectral data before. At-
tempts using NMR spectroscopy revealed, in fact, a relatively clear separation
4Although, a promising correlation was found with an even lower ratio of 1.4 in field study 1.
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between slow, medium and fast pH fall [172], but just as for NIR spectra, no
quantitative relationship between spectra and pH in meat was found [172, 175].
Hence, Raman spectroscopy was proven to be an new spectroscopic technique for
the non-invasive assessment of this important quality trait.
• In case of pH24, predictions from early postmortem spectra could not be found
in the literature. In comparison to spectroscopic measurements after 24 h p.m.,
Raman spectroscopy performed better than NMR [169, 170] and NIR spectroscopy
[167, 177] and similar to hyperspectral NIR imaging [111, 179, 180].
• No successful prediction of meat color from early postmortem data is yet published.
In comparison to post-rigor measurements, Raman spectroscopy yielded better
coefficients of determination and lower prediction errors in case of L* and b* values
but inferior results in case of a* in field study 1 than NIR spectroscopy [167] or
hyperspectral NIR imaging [111, 180]. As the good results for L* could not be
repeated in field study 2, no conclusive statement regarding the performance of
Raman spectroscopy can be provided in this thesis.
• Drip loss was predicted from early postmortem measurements using IR [7] and
NIR spectroscopy [190], but Raman spectroscopy performed slightly better in field
study 1 and much better in field study 2. In comparison to post-rigor measure-
ments, Raman spectroscopy yielded comparable results to NIR [135, 167, 191] and
hyperspectral NIR imaging [111, 179–181] in field study 1 and better results in
field study 2.
• To date, shear force (beef) was only correlated with early postmortem NIR spectra
[207], but the SF predictions using the Raman spectra of field study 1 yielded
better results. Using different NIR techniques and post-rigor muscles, comparable
or inferior results were achieved with pork and beef samples [135, 191, 204, 207,
208, 210]. As the SF correlations in study 2 were poor, no conclusive statement
can be made under which conditions early postmortem Raman spectra can predict
shear force of pork meat.
In summary, Raman spectroscopy was shown to provide at least three (pH45, pH24, DL)
and up to six important quality traits (L*, b*, SF) via a fast, non-invasive and early
postmortem measurement with a similar or even higher accuracy than other spectro-
scopic techniques which mostly used post-rigor measurements. In fact, in case of the
early postmortem pH, ultimate pH and drip loss after 72 h p.m., the accuracy of the
predictions from the Raman spectra was even comparable to the error of the reference
methods.
5. Conclusion & Outlook
“A great deal more is
known than has been
proved.”
Richard P. Feynman
As proven in this thesis, Raman spectroscopy
can rapidly and non-invasively provide information
about the metabolic and structural composition of
pork meat early postmortem. Using the first semi-
quantitative description of the spectral changes in
the early postmortem Raman spectra of meat, sig-
nals of important metabolites such as glycogen, lactate, phosphocreatine, creatine, ATP
and IMP were shown to contribute to the Raman difference spectra of the pre-rigor and
rigor phase. Hence, the early postmortem metabolism in meat can be monitored using
this technique. In parallel, the pH value can be measured directly by exploiting the vibra-
tions of terminal phosphate moieties and inorganic phosphate at 980 and 1080 cm-1 using
the elementary relationship between the concentration ratio of the acid/base pair and
the pH provided by the Henderson-Hasselbalch equation. Contrary to the expectations,
the lactate signals can not solely be used to predict the pH value due to numerous signals
of other metabolites superimposing the lactate peaks. Nevertheless, the pH prediction
becomes more accurate if signals of lactate and additional metabolites are included in
the regression models. As a result of the pH and lactate investigations in the laboratory,
a distinct position effect within porcine semimembranosus muscles was observed which
reflects the intrinsic heterogeneity of biological matter. The variability is mainly caused
by altering muscle fiber composition, enzymatic activity and temperature profile within
the muscle/carcass. With respect to these findings, two field studies in the abattoir were
performed using a portable Raman system realized in this thesis. In the first study,
pH, color, drip loss and shear force were closely correlated with the early postmortem
Raman spectra using partial least squares regression of which pH45, pH24, L*, b*, drip
loss and shear force after 72 h yielded good correlations with 0.80 ≤ 𝑅2 ≤ 0.95. In
the second field study, this was confirmed and even excelled for pH35, pH24 and drip
loss. The prediction of L* and shear force could not be repeated in the second data
set due to lower variance, higher reference errors and the very early time of the Raman
measurements. In comparison to other spectroscopic techniques, the accuracy of the
Raman predictions of the early postmortem pH, pH24 and drip loss after 72 h p.m. was
similar or even higher and came close to the reference error in both field studies. The
improved performance in field study 2 is caused by a combination of higher integration
time, shorter time frame in which the spectra were measured, smaller reference error of
the pH measurements and smaller delay between Raman and pH measurements. While
the last three parameters can hardly be improved due to handling and time constraints
of the Raman and pH measurements, the optimization of the integration time deserves
further attention in future experiments. Due to inconsistent results in the field studies,
future investigations have also to reveal whether the color and the shear force can be ac-
curately predicted from early postmortem Raman spectra. Both studies confirmed that
the PLS regression models are mainly weighting Raman signals of the terminal phos-
phate moiety, energy metabolites and 𝛼-helical proteins. Hence, the actual pH value, the
metabolic fingerprint and structural information are extracted from the Raman spectra
to predict quality traits, which are usually obtainable not until 1 to 3 days after the early
postmortem, spectroscopic measurements and require labor-intensive, time-consuming
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and invasive reference analyses.
Thus, this work revealed, for the first time, the principal ability and the feasibility
of Raman spectroscopy to provide important quality traits of pork meat by a rapid,
accurate, non-invasive and early postmortem measurement. In field study 1, Raman
spectra were obtained from ten different spots of the meat surface with an integration
time of only 2.5 s hence one carcass could be analyzed in about one minute. However,
a modern abattoir can accommodate an average of 1000–1200 pigs/h per slaughterline
[237] and even small abattoirs can handle hundreds of carcasses per hour. Therefore,
to be useful for an industrial process, the quality assessment has to be finished in less
than five seconds. In future, a Raman system capable of measuring much faster than
the current portable system has to be developed to match these requirements. Prior to
the commercial application, the following milestones have to be achieved:
• The regression models have to be validated.
• As a result of the validation, the actual prediction errors (RMSEP) has to be
determined and, if necessary, be improved to meet with the demands of modern
abattoirs or meat processing plants.
• The long-term stability of the Raman system has to be evaluated.
• It has to be proven that the prediction models can be transferred between different
Raman systems without loss of predictive power.
• The susceptibility of the system to changes within the abattoir has to be investi-
gated, i.e. whether the system has to be newly calibrated each time the handling
of the carcasses, the muscle, the cooling regime or similar properties are changed.
Although some obstacles must be overcome until Raman spectroscopy can be commonly
applied in abattoirs, use of this promising technique with its unique potential to measure
and/or predict several quality traits with only one device could minimize losses to meat
producers and processors and help to improve the meat quality for the consumer. As
the Raman spectra provide a detailed fingerprint of the postmortem metabolism of the
muscle, this technique can probably be extended to additional technological or sensory
meat quality traits and should also be applicable to other muscles types and animal
species.
Besides the meat industry, Raman spectroscopy could be useful in other fields in which
fast and non-invasive measurements are required. As for the ubiquity of phosphorylated
compounds in biological matter, Raman spectroscopy could be applied to measure the
pH value in other foods and biological tissues. In principle, this technique even enables
to non-invasively measure the energy metabolism of living and dying cells. This could
establish novel fields of application for Raman spectroscopy in biology or medicine.
However, technological improvements, especially in the field of CCD detectors, must be
achieved to ensure reasonable measuring times. Nevertheless, Raman spectroscopy is a











LD Musculus longissimus dorsi (coll.: Loin)
LDT Musculus longissimus dorsi thoracis
LT Musculus longissimus thoracis
MLR Multiple Linear Regression
mM mmol/l
NIR-A Near-infrared Spectroscopy (Absorbance Mode)
NIR-FOP Near-infrared Spectroscopy (Fiber Optic Probe)
NIR-HI Near-infrared Hyperspectral Imaging
NIR-R Near-infrared Spectroscopy (Reflectance Mode)
NIR-T Near-infrared Spectroscopy (Transmittance Mode)
NMR Nuclear Magnetic Resonance Spectroscopy
oxy-Mb Oxymyoglobin
p.m. post mortem (Latin: After Death)
PM Musculus psoas major
PC Principle Component
PCA Principle Component Analysis
PCr Phosphocreatine
PCR Principle Component Regression
pH24 pH measured 24 h p.m.
pH45 pH measured 45min p.m.
pHu Ultimate pH
Pi Inorganic Phosphate
PLS(R) Partial Least Squares (Regression)
PSE Pale, Soft, Exudative
RMSEC Root Mean Square Error of Calibration
RMSECV Root Mean Square Error of Cross-Validation
RMSEP Root Mean Square Error of Prediction
RSE Reddish, Firm, Non-exudative
SF Shear Force
SM Musculus semimembranosus (coll.: Topside)
ST Musculus semitendinosus
VIP Variance in Projection
WBSF Warner-Bratzler Shear Force
WHC Water-Holding Capacity
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Abstract The pH of a muscle is an accepted parameter to
identify normal and deviating meat qualities. In this work,
Raman spectroscopy is shown to be suitable for the non-
invasive measurement of the early postmortem pH of meat.
Raman spectra of ten pork semimembranosus muscles were
recorded with a portable handheld device 0.5–24 h post-
mortem. The spectra were correlated with pH and lactate
kinetics measured in parallel. Seven of the muscles were
normal, two exhibited accelerated glycolysis and one
showed absence of acidification. The pH decline with time
could be calculated from the Raman spectra with the
Henderson–Hasselbalch equation using only two signals of
phosphate vibrations at 980 and 1,080 cm-1 with a close
correlation for each muscle, but larger variations between
animals. More robust and better correlations for all muscles
were obtained with a linear model based on 11 signals from
lactate, lactic acid, phosphate, a carbonyl band and nucle-
otides resulting in R2 = 0.78 and RMSECV = 0.2 or a
partial least-square model using the complete spectrum
(R2 = 0.94 and RMSECV = 0.2). These results show the
potential of Raman spectroscopy for an online detection of
the pH and thus meat qualities during meat processing.
1 Introduction
Velocity and extent of the early postmortem energy
metabolism are essential factors for the development of
meat quality. On the one hand, accelerated anaerobic gly-
colysis leads to pale, soft and exudative (PSE) meat. On the
other hand, strongly reduced glycolysis due to a depletion
of the glycogen reserves in the muscle leads to dark, firm
and dry (DFD) meat [1, 2]. Both qualities are unwanted by
breeders, processors, retailers and consumers. To distin-
guish these deviating qualities from the desired reddish,
firm and non-exudative (RFN) meat quality, two pH mea-
surements are required 45 min (pH45) and 24 h (pH24)
postmortem. PSE meat is characterized by a pH45 \ 5.8,
whereas DFD meat exhibits a pH24 [ 6.0 [3]. Presently,
monitoring the pH is the standard method when both
qualities are to be discriminated from normal meat. How-
ever, this pH measurement has to be performed with glass
electrodes which have to puncture the muscle. This is time-
consuming and susceptible to operational faults such as
contamination or break, not to speak of the injury of the
meat. Therefore, pH measurements are performed in
abattoirs or during processing only when absolutely
required. A fast and non-invasive technique to reliably
determine pH45 and pH24 would be beneficial for meat
processing. In the present paper, the feasibility of using
Raman spectroscopy for the non-invasive measurement of
the pH of meat early postmortem will be shown.
Raman spectroscopy was chosen as a non-destructive
and contactless method which is based on inelastic scat-
tering of light providing information of molecular vibra-
tions of the probed material. With this feature, pH-induced
changes can be detected on a molecular level. Another
driving force for this development is the progress of laser
and Raman technology enabling the construction of small,
robust and energy-efficient portable devices, such as the
recently developed handheld Raman probe for the charac-
terization of meat quality and spoilage [4].
Raman spectroscopy is a sensitive probe of the sec-
ondary structure of proteins with the amide I and III modes
as well as the carbon–carbon stretching modes of the
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protein backbone as important indicators [5–7]. Thus,
pH-induced conformational changes of poly-amino acids
have been observed in aqueous solutions with Raman
spectroscopy [8, 9]. These conformational changes are a
consequence of the protonation/deprotonation of the amino
acid side chains which are characterized by their pKa val-
ues indicating the pH at which both species of the corre-
sponding acid/base pair have the same concentration. In the
pH range from 7 to 5, the basic amino acids do not change,
but aspartic acid (pKa = 3.86) and glutamic acid
(pKa = 4.25) show some effect of protonation upon low-
ering the pH to 5 [10]. However, to be useful as pH indi-
cator, the pKa should be in the considered measuring range.
Here, histidine with a pKa = 6.08 has been studied for
pH-induced structural changes of the free amino acid [11]
and in the protein transferrin [12]. In the Raman difference
spectra, the basic form showed signals at 1,575 and
1,312 cm-1, while in the acidic form signals occurred at
1,210, 1,490 and 1,630 cm-1. A variation of the pKa of
histidine was attributed to different histidine sites resulting
in an average pKa in the protein of 6.56 [12].
With pKa values around 7 inorganic phosphate and ter-
minal phosphate groups of the organic esters show pH-in-
duced changes between pH 5.5 and 8 [10]. In the Raman
spectra this can be recognized amongst others by means of
two strong vibrations: the symmetric PO3
2- stretching
vibration of the basic form at 980 cm-1 and the symmetric
PO2
- stretching vibration of the acidic form at 1,082 cm-1
[13]. Note that all intermediates of the glycolysis from
glucose 6-phosphate to phosphoenolpyruvate are phos-
phorylated and that the sugar phosphates [14] have pKa
values between 6.1 and 6.3. Raman spectra of phosphory-
lated proteins have been used to determine the pKa values of
phosphoserine and phosphothreonine in aqueous solution
[15]. The Raman spectra of the energy-rich adenosine di-
and triphosphates exhibit different band positions due to
coupling of the polyphosphate chain [13, 16]. For adenosine
triphosphate in the pH range from 6 to 7 a peak shift was
observed from 1,125 to 1,112 cm-1 for the symmetric PO2
-
stretching mode of the polyphosphate moiety [13].
The pH can be measured in situ or in vivo using other
techniques such as nuclear magnetic resonance (NMR),
near-infrared or near-infrared reflectance spectroscopy.
Pulsed Fourier transform 31P-NMR spectroscopy was
shown to be able to determine intracellular pH in eryth-
rocytes by using the chemical shifts of 2,3-diphosphogly-
cerate and inorganic phosphate [17]. An accurate
determination of intracellular pH was reported, but no R2
was given. However, the samples had to be treated with
carbon monoxide and the integration time varied from
several minutes to 1 h. Other authors studied postmortem
changes in pork muscles (n = 15) achieving good agree-
ment between NMR and electrochemical pH value above
pH 6.2, but below pH 6.2 they observed a systematic dis-
crepancy [18]. Again, sample preparation was necessary
(muscles were dipped in paraffin oil and put into 10-mm
NMR tubes). A quantitative statistical discussion of the
application of 31P-NMR for in vivo pH measurements in
breast carcinoma tissue [19] showed errors of 0.04 pH units
due to baseline effects, whereas calibration uncertainties
caused variations between 0.05 and 0.1 pH units.
With near-infrared spectroscopy [20], promising corre-
lations using partial least-square regression (PLSR) were
achieved to predict the pH measured in the duodenum of
six pigs during hemorrhagic shock (R2 = 0.90 during
ischemia and R2 = 0.89 during reperfusion). To compen-
sate for systematic discrepancies between different ani-
mals, subject-specific offsets had to be applied. By this
means, an averaged root mean squared deviation of 0.042
and 0.045 pH units was calculated for ischemia and
reperfusion, respectively. No detailed information was
given on what spectral features were used for pH prediction
or how differences in the pH value are reflected in the
spectra. Investigations with five rabbit muscles during
ischemia and reperfusion [21] showed a close correlation
between near-infrared reflectance spectra and muscle pH in
the range 6.4–7.1. Again, no detailed information was
provided regarding the cause of these changes.
To our knowledge, no studies have yet been carried out
to measure the pH of meat in situ with Raman spectroscopy.
The above studies essentially showed principal feasibility
but not applicable techniques which require non-invasive-
ness, rapidity and suitable instrumentation. Therefore, the
aim of this study was to identify pH-dependent changes in
Raman spectra of pork meat early postmortem and to link
them to cellular components allowing for a pH measure-
ment with a view to a practical application.
2 Materials and methods
For the experiments, the semimembranosus muscle (SM or
topside) of pork was chosen because this muscle is
accessible at the carcasses and used for pH measurements
of ham. The meat samples (approx. 500 g) were removed
20–30 min postmortem from 10 pigs which were slaugh-
tered in a local commercial abattoir. In the laboratory, the
samples were divided into three parts for pH, lactate and
Raman measurements which began immediately, i.e.,
25–40 min postmortem. Due to the decreasing production
of lactate with time, pH values were taken in increasing
intervals with a pH electrode (Mettler Toledo, SevenGo
pro, Giessen, Germany) until constant pH was reached over
three consecutive measurements. The ultimate pH was
measured after 24 h. In parallel, about 7 lactate concen-
trations were determined per muscle in the time 0.5–9 h
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postmortem and the ultimate concentration after 24 h. To
this end, 5 g of each muscle were homogenized with 20 ml
1 M perchloric acid for 3 min on ice. Subsequently, the pH
was adjusted to 10 with potassium hydroxide solution.
After 20 min of storage at ?4 C the homogenate was
filtered with Whatman GF/A filters. Finally, the lactate
content of the filtrate was measured photometrically using
an enzymatic test assay and the absorbance of NADH at
340 nm (Megazyme International Ireland Ltd., Wicklow,
Ireland) [22]. Raman spectra were acquired with a 671 nm
handheld Raman probe [23] coupled to a miniature spec-
trograph (HORIBA Jobin-Yvon, Longjumeau, France)
controlled by a self-written LabVIEW program (National
Instruments, Austin, TX, USA) [24]. The Raman spectra
were recorded from 0.5 to 10 h postmortem at a laser
power of 100 mW with 5 s integration time and 5 accu-
mulations at each spot. For further analysis five of these
spectra were averaged. The time intervals between each set
of spectra were increased from 5 to 10 s during the first
1–2 h to 15–30 min during the last 2 h of the measurement.
To evaluate the variation of pH measurement within a
muscle, pH measurements were recorded in three addi-
tional topsides at 9 different positions with 4 cm spacing
between each spot covering the whole SM. The measure-
ments were performed in intervals of 30 min during the
first 5 h postmortem and of 1 h until 10 h postmortem.
Reference spectra of phosphoric acid, glucose 6-phosphate,
fructose 6-phosphate, phosphoenolpyruvate, inosine
monophosphate and adenosine triphosphate were measured
at 50 mM concentrations in the pH range from 4.5 to 7.2
using hydrochloric acid and potassium hydroxide solutions
for the pH adjustment. The Raman spectra were recorded
with 25 s integration time and 10 accumulations.
For further analysis, Raman spectra were baseline cor-
rected with a fifth order polynomial. Subsequently, all
spectra were smoothed by Savitzky–Golay filter [25] using
a width of 15 pixel and second polynomial order. Finally,
the spectra were normalized to the net peak intensity of
phenylalanine at 1,000 cm-1 to compensate for differences
in the intensity. Partial least square regression (PLSR) was
performed with MATLAB 7.9.0 R2009b software (The
Mathworks Inc., Natick, MA, USA) and PLS toolbox 6.2
(Eigenvector Research Inc., Wenatchee, WA, USA). For
cross-validation the contiguous blocks method with ten
data splits was applied.
3 Results and discussion
3.1 Lactate and pH
An overview of the pH and lactate concentrations of the
samples is given in Table 1 with the samples sorted
according to their rate of lactate formation. The pH45 of the
samples varied from 6.54 to 5.77, the latter indicating PSE-
tendency for sample 10. The ultimate pH (pH24) scattered
around 5.51 with a standard deviation (SD) of 0.13. These
values are in accordance with former studies on pork
SM muscles [26]. The lactate content increased by
50–90 mmol kg-1, except for sample 1 with no increase at
all. The lack of glycolysis and the low lactate content of
this sample points at meat which is neither DFD nor PSE.
The final pH value of 5.7 is still rather normal but the low
initial pH points at PSE meat, i.e., this sample cannot be
classified in the common system of three categories.
Samples 9 and 10 showed accelerated glycolysis and also
the lowest pH24 values in this series.
As the acidification is caused by glycolysis and fermen-
tation, there is a close correlation between the rate of lactate
formation and the pH45 (Fig. 1a). Samples of RFN quality
Table 1 pH values measured 45 min and 24 h postmortem, lactate concentrations (initial = 30 min, final = 24 h postmortem) and rate of
lactate production before rigor mortis
# pH Lactate Meat quality
pH45 pH24 Initial/mmol kg
-1 Final/mmol kg-1 Rate/mmol kg-1 h-1
1 5.87 5.70 79 70 \0.5 Atypical
2 6.01 5.44 32 86 6.3 RFN
3 6.25 5.53 50 119 6.9 RFN
4 6.31 5.50 49 100 7.0 RFN
5 6.38 5.40 49 114 7.0 RFN
6 6.34 5.51 32 99 7.1 RFN
7 6.54 5.80 30 90 7.9 RFN
8 5.90 5.47 24 89 9.4 RFN
9 5.91 5.35 22 113 12.0 PSE-tendency
10 5.77 5.38 60 118 14.9 PSE-tendency
x 6.13 ± 0.25 5.51 ± 0.13 43 ± 17 100 ± 15 8.7 ± 2.7
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produced 7–9 mmol kg-1 per h of lactate under these
conditions, whereas meat with PSE-tendency metabolized
over 12 mmol kg-1 of lactate per hour (Fig. 1b). Again,
sample 1 did not fit into the picture. This sample must have
had strong glycolysis at the time of death, but subsequently
exhausted glycogen reserves prevented further lactate for-
mation. Therefore, sample 1 was not included in Fig. 1b. The
excised topsides were cooling faster to room temperature
(24 C) compared to the muscles in the intact carcasses.
Therefore, metabolism is slowed down and the above rates
are lower than in the carcass.
We found a rather low curvilinear correlation between
pH value and lactate concentration with R2 = 0.49 for the
different animals which is low compared to the literature
[27]. This could be due to the fact that pH, lactate and
Raman measurements were not conducted on the very
same segment of the muscle and that the segments did not
cool to ambient temperature at exactly the same rate. In an
additional experiment to evaluate the pH variation in the
SM, a distinctive position effect was observed. This is
mainly attributed to the inhomogeneity of the muscle
consisting of fast and slow glycolysing fibers. The refer-
ence pH measurements varied considerably according to
the site and time. As depicted in Fig. 2, within the first 6 h
postmortem the SD of a pH measurement in each muscle
sample exceeded 0.06 pH units with a maximum of 0.18
pH units about 5–6 h postmortem.
3.2 Raman spectra
The Raman kinetics recorded during acidification of the
muscle showed intensity changes virtually in the entire
spectrum, except for sample 1 which showed almost no
spectral changes (therefore not shown). Figure 3 illustrates
these spectral changes on the example of pork meat with
RFN quality observed 40 min and 9 h postmortem Raman
bands of lactate (with intensities in brackets) occur at 535 (s),
853 (vs), 1,305 (m), 1,352 (m), 1,414 (s) and 1,452 cm-1
(s) and they are marked with L. Not all bands do reflect the
expected increasing concentration of lactate in the pork
muscle, some even decrease in intensity which is understood
as overcompensation by other signals. The most prominent
peak at 853 cm-1 assigned to the stretching C–C vibration of
the single bond adjacent to the carboxylate function [28] is
overlaid by the tyrosine doublet and interferes with signals of
glycogen [29], glucose [29], creatine phosphate [30] and
creatine [30]. The content of creatine phosphate, glycogen
and glucose decrease postmortem, thus compensating to
some extent the signal intensity of lactate at 853 cm-1, but
the summed up increase of lactate is stronger. Similarly, the
signals at 535, 1,352 and 1,414 cm-1 show a positive
intensity balance although to a lesser extent than expected.
Only the signal at 1,352 cm-1 matches the expected inten-
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Fig. 1 a Correlation of lactate
formation rate with pH45 for 9
pork samples. b Lactate
concentrations measured
between 0.5 and 10 h
postmortem for RFN meat
(square), for meat with
PSE-tendency (diamond) and
margin of error based on lactate
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Fig. 2 Averaged standard deviation of pH measurements with
puncture electrode for 9 positions during time interval from 1 to
9 h and after 24 h postmortem (black line) as well as minimal and
maximal values observed for standard deviations (grey bars)
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CO2
- stretching vibration and therefore other components
containing carboxylate groups may contribute to this signal
as well. The lactate peaks at 1,305 and 1,452 cm-1 are
overcompensated mainly by the amide III mode and the sum
of the CH, CH2 and CH3 bending modes of the a-helix
(marked with a). We observe a strong decrease of the
intensity of a-helix signals during the first hours postmortem
which can be also recognized at 1,650 cm-1 (amide I) and
935 cm-1 (C–C skeletal) modes [31, 32].
Two further peaks with diametric tendency are observed
in the Raman difference spectrum (Fig. 3) at 1,552 and
1,578 cm-1. They are typical for asymmetric ring stretching
vibrations of heteroaromatic compounds and marked with A
[33, 34]. The former corresponds very well with the stron-
gest signal of inosine and inosine monophosphate which
is reported to be at 1,553 cm-1 [35]. The latter can be
attributed to adenosine triphosphate [13, 16]. Inosine
monophosphate is a degradation product of adenosine
monophosphate and guanosine monophosphate. Hence,
both peaks are indicating the decay of the energy-rich
phosphates. In pork meat an increase of the inosine mono-
phosphate concentration of 7 mmol kg-1 after 8 h was
reported and an increase of inosine content by 1 mmol kg-1
after 24 h [36, 37]. The decrease of the 729 cm-1 peak of the
purine bases also confirms this assignment as our reference
measurements with ATP and IMP in aqueous solution
revealed an intensity ratio ATP/IMP for this band of 5/3.
While the content of lactate increases with proceeding
glycolysis, the muscle acidifies to pH values of 5.6–5.2 and
due to its pKa value of 3.86, formation of 2–5 % of lactic
acid (LA) is calculated according to the Henderson–Has-
selbalch equation. The slight increase of the net intensity at
827 cm-1 observed in the difference spectrum can there-
fore be partly assigned to the C–C stretching vibration
adjacent to the carboxylic acid of lactic acid. Another
contribution comes from the O–P–O stretching vibration of
protonated phosphate groups of sugar phosphates at
825–833 cm-1 [29, 38, 39]. Hence, a quantitative analysis
based on the two signals at 853 and 827 cm-1 is virtually
impossible due to co-location with the tyrosine doublet and
with a number of intermediates of the energy metabolism.
However, the aforementioned protonation of carboxylate
groups at low pH can be detected by means of the
C=O stretching vibration (carbonyl band, C) in the
1,705–1,730 cm-1 range [40] which is less biased by other
Raman signals. As the small content of lactic acid alone
cannot account for the intensity change observed in the
difference spectrum, this band has to be regarded as the
sum band of all carbonyl group(s) adding intensity to this
peak.
The two Raman signals at 980 and 1,080 cm-1 marked
with P ? Pi in Fig. 3 are assigned to phosphate groups.
Both peaks show diametric behavior. While the peak of
the symmetric PO3
2- stretching vibration at 980 cm-1
decreases with acidification of the muscle, the peak of the
symmetric stretching vibration PO2
- at 1,080 cm-1
increases. This holds for terminal phosphate groups [15]
and with slightly shifted peak positions at 987 and
1,075 cm-1 also for inorganic phosphate. The protonation
of hydrogenphosphate to dihydrogenphosphate is shown in
Fig. 4a with a series of Raman spectra of phosphoric acid
in the pH range from 7.2 to 5.2. The third peak at 875 cm-1
corresponds to the symmetric P(OH)2 stretching vibration
of dihydrogenphosphate. This peak is also observed in the
Raman difference spectrum in Fig. 3 and can be assigned
to inorganic phosphate (Pi) which is released in quantities
of up to 40 mmol kg-1 during glycolysis and fermentation































































Fig. 3 Raman spectra of RFN
pork meat 0.7 (solid line) and
9 h (dotted line) postmortem
and difference spectrum 9 h
minus 0.7 h (bold line).
Indicated by arrows lactate (L),
lactic acid (LA), terminal
phosphate group (P), inorganic
phosphate (Pi), carbonyl (C),
heteroaromates (A) and
a-helical protein (a)
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3.3 Correlation of Raman spectra with pH
The Henderson–Hasselbalch equation describes the corre-
lation between the pH value and the concentrations of base
(A-) and acid (HA):





The measured Raman intensities shown in Fig. 4b were
in very good accordance (R2 = 0.996) with the theoretical
curves (broken lines) calculated for phosphoric acid with
pKa = 7.2.
Conversely, the pH can be calculated for an acid–base
pair with the Henderson–Hasselbalch equation from the
intensity ratio of this acid–base pair, provided that the pKa
is known. In meat, the situation is more complicated
because several compounds with varying pKa and Raman
scattering cross sections contribute to both signals. To this
end, we have compared the ratio of the specific Raman
intensities of the acidic and basic species for a number of
phosphates. This ratio is used to convert the Raman
intensities into concentrations. The ratio varied from 1.4
(phosphoenolpyruvate) to 4.3 (inosine monophosphate)
with ratios of 2.2 and 2.7 for the sugar phosphates fructose
6-phosphate and glucose 6-phosphate, respectively. Simi-
larly, the pKa values varied from 6.1 to 7.2. For the cal-
culations we chose pKa (7.2) and ratio (2.4) of phosphoric
acid as starting point. In a second step, the pKa was fitted to
the data set consisting of 564 Raman spectra and pH values
using only the peak intensity ratio of the measurements. As
result, an adjusted pKa for phosphate in meat of pKa = 7.0
was obtained which is close to the value of phosphoric
acid. This adjustment is taking into account the pKa vari-
ations of the involved phosphate groups and it also corrects
the deviation of the specific Raman intensity ratio from 2.4.
For example, the difference in the ratio of phosphoric acid
and a sugar phosphate would account for a difference
of 0.03–0.04 pH units. The model yields an averaged
correlation coefficient of calibration of R2 = 0.71 and
RMSEC = 0.30. The linearity is good for the single
muscles, but the correlation also reveals systematic dif-
ferences between the meat samples (see Fig. 5a) which
might have their reason in a position effect as mentioned
earlier. Note that the pH change can only be indicated
down to pH = 5.5 because at this pH nearly all phosphate
groups are protonated and the intensity of the base is
approaching zero. Despite of the discrepancies between the
different samples, the calculations demonstrates that the pH
of meat can be calculated from the Raman spectra in
principle using only two signals from phosphate.
For a more robust prediction of the pH from the Raman
spectra, a multiple linear regression (MLR) was performed
using the net intensities of 11 peaks and one offset value.
These signals were selected from the peaks marked in
Fig. 3 according to their significance and they comprise
lactate (535, 855, 1,305, 1,350 and 1,414 cm-1), lactic acid
(827 cm-1), the phosphate group (980 and 1,078 cm-1),
the carbonyl double bond (1,714 cm-1) and the two peaks
ascribed to inosine monophosphate and adenosine tri-
phosphate (1,552 and 1,578 cm-1). All other signals were
disregarded. The MLR model yields a correlation with
R2 = 0.78 and RMSEC = 0.14 pH units (Fig. 5b). The
root mean square error of cross-validation (RMSECV)
which is a better indicator for the predictive power of the
model is calculated with the leave-one-out method and
yields 0.22 pH units. To this end, the spectra of nine dif-
ferent samples were used to compute a model and to test
the prediction with the spectra of the residual sample which
was repeated for all permutations.
Finally, a PLSR model was calculated to predict the pH
of the meat based on baseline-corrected Raman spectra in

































































Fig. 4 a Raman spectra of
50 mM phosphoric acid in the
pH range from 5.2 to 7.2.
b Raman net intensities versus
pH at 875 cm-1 (square),
987 cm-1 (circle) and
1,074 cm-1 (diamond) and
theoretical curves calculated
with the Henderson–
Hasselbalch equation for basic
(dashed line) and acidic (dotted
lines) species
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variables resulted in R2 = 0.94 and RMSEC = 0.07 pH
units. With the described leave-one-out method an average
Rcv
2 = 0.87 and a RMSECV = 0.22 pH units were calcu-
lated (Fig. 5c).
For comparison, Table 2 summarizes the figures of merit
of the three methods to predict pH values from Raman
spectra. Considering the above-described uncertainties
when analyzing only the peak ratio of 980–1,080 cm-1, the
MLR model utilizes 33 out of 1,024 spectral channels for
the prediction and the PLS model 726. As expected, the
coefficient of determination is improved with increasing
number of spectral channels used by the method and
accordingly the RMSEC is markedly reduced. However, all
models showed a similar offset for the different samples
which may be due to a position effect within the muscle.
This can also be the reason why the RMSECV did not
improve in the PLS model compared with the MLR model.
In view of the (biological) variance in the muscle, the pH
would have to be measured at exactly the same position as
the Raman measurement to obtain better correlations. The
phosphate peak ratio method clearly shows that the relation
between pH and the Raman intensities is logarithmic and
that this is a significant pH indicator. However, the best
predictions were obtained with linear regression models.
Therefore, non-linear algorithms may yield more accurate
predictions and should be applied in future.
3.4 Discrimination of meat quality
The measurement of pH and lactate content of meat with
Raman spectroscopy was carried out with a view to the non-
invasive detection of normal and deviating meat qualities.
Having shown that the pH can be reasonably well detected
in the Raman spectra of meat and that lactate and a number
of metabolites of the energy metabolism contribute to this,
it is interesting to examine whether this can be used to
discriminate the exudative meat quality from RFN.
To illustrate the spectral differences between samples
with RFN quality and PSE-tendency the difference spectra
PSE minus RFN are shown in Fig. 6 for two particular
times after 1–2 h and after 24 h. To this end, the spectra
measured 1–2 h and after 24 h postmortem were each
averaged. Positive peaks indicate signals which are stron-
ger in meat with PSE-tendency, while negative peaks
indicate signals which dominate in meat of RFN quality.












































Fig. 5 Predicted pH from Raman spectra: a calculated from the peak
intensity ratio at 980 and 1,080 cm-1, b determined with MLR
models using net intensities of 11 peaks and 1 offset and c determined
with PLSR models using 726 spectral channels versus pH measured
with an electrode. For clarity only 3 of 10 measurements are shown.
Dashed lines indicate averaged RMSECV
Table 2 R2, RMSEC and RMSECV values for pH prediction using
the peak intensity ratio at 980 and 1,080 cm-1, multiple linear
regression (MLR) and partial least-square regression (PLSR)
Peak ratio MLR PLSR
R2 0.71 0.78 0.95
RMSECa 0.30 0.14 0.07
Rcv
2 – 0.70 0.87
RMSECVa – 0.22 0.22
Spectral channels 2b 11 ? 1b 726
First 2 rows give mean values for model data set; next 2 rows give
mean values for cross-validation data set. Last row gives the number
of spectral channels used for the calculations
a In pH units
b 2 mesh points used per peak
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The difference spectrum for the early postmortem phase
(2 h) exhibits much stronger signals of the protonated
phosphate group at 1,080 cm-1 at the expense of the base
peak at 980 cm-1, thus indicating the low pH value. Fur-
thermore, lactate signals and the formation of inosine
monophosphate is more pronounced in meat with PSE-
tendency which is in good agreement with an accelerated
metabolism. For example, in exudative pork meat, inosine
and inosine monophosphate concentrations 2 h postmortem
have been reported to be more than three times higher than
compared with normal meat [37].
After 24 h the difference spectrum between PSE-ten-
dency and RFN meat changed completely. The difference
in the Raman signals of lactate, lactic acid, heteroaromatic
compounds and phosphate groups vanished completely.
Again, this is in keeping with the expectations because
ultimate pH, final lactate and inosine monophosphate
concentrations are not significantly different for RFN and
PSE meat [37]. The main difference was a markedly
reduced signal intensity of the a-helix at 935, 1,305, 1,450
and 1,650 cm-1 in PSE meat compared with RFN meat
which can be explained by a stronger denaturation or
damage of a-helical-structured domains caused by over-
heating of the muscle during the accelerated glycolysis
[42, 43].
4 Conclusions
The correlation of the Raman spectra of excised topsides
(M. semimembranosus) 0.5–10 h postmortem demonstrated
that the pH of meat can be determined from the Raman
spectra. This is largely based on the pH-dependency of two
Raman signals of terminal phosphate groups at 980 and
1,080 cm-1. Using the net intensities of both signals the
pH can be calculated with the Henderson–Hasselbalch
equation with R2 = 0.71 and RMSEC = 0.30. More robust
models with higher precision were obtained with a linear
model consisting of 11 net peak intensities and 1 offset
parameter (R2 = 0.78 and RMSEC = 0.14) and a PLSR
model using the whole spectral information yielding
R2 = 0.94 and RMSEC = 0.07. An offset between Raman
and pH data set was observed which is due to a position
effect reflecting a biological variance in the muscle. This
heterogeneity was a limiting factor in our study and
therefore, the predictability of the MLR and PLSR models
were comparable (RMSECV = 0.2 pH units). Better cor-
relations should be obtained when the pH is measured at
exactly the same position where the Raman measurement is
carried out.
The calculation of the pH from two phosphate signals
demonstrates that significant pH information is contained
solely in these two signals and that the relation between pH
and the Raman intensities is logarithmic. However, the best
predictions were obtained with linear regression models.
Therefore, the application of non-linear algorithms is
expected to be beneficial. Considering the ubiquity of
phosphate, this pH detection could also be useful for other
biological systems or food.
Along with the phosphate, significant changes in Raman
spectra during the first hours postmortem could be assigned
to lactate, lactic acid, the carbonyl group of carboxylic
acids as well as vibrations of heteroaromatic compounds of
the energy metabolism like adenosine triphosphate and
inosine monophosphate. These spectral differences could
be used to discriminate meat with accelerated metabolism
(PSE-tendency) and meat with RFN quality. A clear
decrease of the intensity of Raman signals originating from
a-helical proteins was observed for all samples concurrent







































Fig. 6 Difference spectra of
PSE minus RFN meat measured
2 and 24 h postmortem,
respectively (same notations as
in Fig. 3)
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degradation of a-helical domains or denaturation. This
effect was more pronounced for meat with PSE-tendency
and finally this is the main difference in the Raman spectra
of meat with RFN quality and with PSE-tendency after
24 h.
The results demonstrate the usefulness of Raman spec-
troscopy to observe qualitative metabolic changes in a pork
muscle and to quantify the pH value between 0.5 and 24 h
postmortem. The results show good promise for the early
identification of (deviating) meat qualities during meat
processing. As a next step, the performance of the method
should be tested in a field study with a larger number of
animals in an abattoir.
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a  b  s  t  r  a  c  t
The  metabolic  conditions  in  the  early  postmortem  muscle  determine  meat  quality.  Raman  spectroscopy
is shown  to  follow  the  early  postmortem  metabolism  (0.5–10  h)  of  porcine  M.  semimembranosus  (N  =  10).
To  this  end  the  Raman  spectra,  pH  and  lactate  kinetics  were  measured  in the  laboratory.  Raman  differ-
ence  spectra  were  utilized  to identify  the  spectral  changes  and  to assign  them  to metabolic  and  structural
alterations  in  the  pre-rigor  (50–120  min)  and  rigor  (2–8.5  h)  phases.  In the  Raman  spectra,  the  decreasing
pH  was  indicated  by  three  signals  assigned  to phosphorylated  metabolites  and  inorganic  phosphate.
Furthermore,  the  degradation  of  glycogen  to  lactate  and  a reduction  of  signal  intensity  of ˛-helical  pro-
teins  were  revealed.  In  the  pre-rigor  phase,  degradation  of  phosphocreatine  to  creatine  and  reduction
of  oxy-  to deoxymyoglobin  was  found.  In  the  rigor  phase,  additionally,  degradation  of ATP to  inosine
monophosphate  (IMP)  was  observed.  Good  agreement  was  achieved  between  measured  and  simulated
Raman  difference  spectra.  In  the  pre-rigor  and  rigor  time  frame,  normal  and  deviating  meat  quality  could
be  distinguished  based  on  signals  of  phosphocreatine,  ATP,  IMP  and  -helical  proteins.  This  work  pro-
vides  a deeper  understanding  and  the  first  semi-quantitative  description  of  the  early  postmortem  Raman
spectra of  meat  which  show  potential  for  the  non-invasive  and  early  detection  of the  metabolic  state  of
meat,  and  hence  for the  identification  of  deviating  meat  qualities.
©  2013  Elsevier  B.V.  All  rights  reserved.
1. Introduction
To date, classical reference measurements to determine the
metabolic state of early postmortem meat are performed using
mostly enzymatic (concentration of metabolites) or physical meth-
ods (pH) which, however, are invasive and time-consuming. Using
these methods a sound understanding of the early postmortem
metabolism of muscle cells was achieved. [1–4]. The vital role of
adenosine triphosphate (ATP) for the cells is well known and its
depletion post mortem causes the muscle entering the rigor mor-
tis.  After death of the animal, the muscle can mainly rely on three
(series of) reactions to regenerate ATP (Fig. 1): (a) using the phos-
phocreatine (PCr) energy storage which is converted to creatine
(Cr). (b) Using two ADP via the adenylate kinase reaction generating
Abbreviations: ADP, adenosine diphosphate; AMP, adenosine monophosphate;
ATP, adenosine triphosphate; Cr, creatine; IMP, inosine monophosphate; PCr, phos-
phocreatine; Pi, inorganic phosphate; PLSR, partial least squares regression; PSE,
pale, soft, exudative; RFN, red, firm, non-exudative.
∗ Corresponding author. Tel.: +49 09221 8780 3103; fax: +49 0921 5584 3086.
E-mail addresses: rico.scheier@uni-bayreuth.de (R. Scheier),
juergen.koehler@uni-bayreuth.de (J. Köhler), heinar.schmidt@uni-bayreuth.de
(H. Schmidt).
adenosine monophosphate (AMP) which is rapidely metabolized
to inosine monophosphate (IMP). (c) When 70% of the PCr pool has
been depleted [5] and ATP levels decreased significantly glycogen
is consumed to phosphorylate ADP in the course of the glycolysis.
With interruption of the blood circulation, the end product of this
process, pyruvate, is further metabolized to lactate and the H+ ions
are accumulated. This leads to an acidification of the muscle cells. In
pork meat, pH 7.4 is measured in vivo while postmortem lactic acid
production typically decreases this value below 5.7 [6]. The ATP is
mainly used to maintain the relaxed state of the muscle (Fig. 1, reac-
tion d). The hydrolysis produces ADP and inorganic phosphate (Pi)
which both can reenter the glycolytic pathway. An overview of the
postmortem metabolism describing the conversion from muscle to
meat is given in [7].
Our approach to measure the postmortem metabolic state
was to directly utilize a fast and non-invasive optical method,
Raman spectroscopy, which provides information of metabolites
and structural changes in meat. In principle, laser light stimulates
vibrations in molecules or atomic lattices which shift the wave-
length of the scattered light. The relative wavelength shifts are a
vibrational spectroscopic fingerprint and they are utilized to iden-
tify and quantify chemical compounds. Raman spectroscopy is a
fast and non-invasive method which has proven its usefulness as a
0924-2031/$ – see front matter © 2013 Elsevier B.V. All rights reserved.
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Fig. 1. Simplified overview of postmortem ATP metabolism in pork meat with (a)
formation from PCr, (b) regeneration from ADP with subsequent deamination of
AMP to IMP, (c) formation by degradation of glycogen to lactate (Lact) and H+ ions
with consumption of ADP and Pi, (d) ATP hydrolysis to maintain muscle tension.
Metabolites identified in Raman difference spectra of meat are marked by a frame.
tool for investigations of biological matter such as the detection of
bacterial contamination in cell or tissue cultures [8] or of foodborne
microorganisms on food surfaces [9], protein structure [10] or mus-
cle fibers [11,12] and glucose level in aqueous humor [13] with use
of different Raman techniques. Additionally, Raman spectroscopy
has proven to determine the secondary structure of proteins with
the amid I and III modes [14–16], to observe pH-induced confor-
mational changes of poly-amino acids in aqueous solutions [17,18]
and pH-induced structural changes of the free amino acid histidine
[19] and in the protein transferrin [20]. Furthermore, the symmet-
ric PO32− stretching vibration of the basic form of the terminal
phosphate moiety at 980 cm−1 and the symmetric PO2− stretch-
ing vibration of the acidic form at 1082 cm−1 were shown to be an
excellent indicator for the pH [21,22].
In meat science, Raman spectroscopy came under scrutiny for
the prediction of water holding capacity [23], tenderness [24–26],
cooking temperature [27], sensory quality [28] and microbiological
spoilage [29]. Most of this work focused on using chemomet-
ric methods to evaluate the spectra because of the complexity
of the biological samples. Since the early work of Carew et al.
[30] the assignment of Raman spectra of meat was  almost exclu-
sively related to post-rigor spectra, but rather little is known so
far regarding the peak assignment of early post-mortem spectra
[22,23]. One reason is that the Raman peaks of a multi-component
system such as a muscle have to be regarded as a superposition of
signals of structure forming components and many metabolites,
some of which are only temporarily detectable [22]. Hence, the
objective of this study is to assess whether Raman spectra can serve
as an indicator of the metabolic state of early postmortem pork
meat and to develop a deeper understanding of the Raman spec-
tra by assigning the spectral changes to metabolic and structural
changes which occur during the first ten hours postmortem.
2. Materials and methods
2.1. Meat samples
Raman and reference measurements were performed with the
topside (M.  semimembranosus) from ten pigs representing a sam-
ple of typical breeds slaughtered in Germany. The samples were
selected with a view to obtain normal and deviating meat quali-
ties. Thus, this sample does not reflect the normal distribution of
meat qualities of the abattoir. The meat samples were removed
20–30 min  post-slaughter in a local abattoir. After that, the sam-
ples were immediately transported to the laboratory, where they
were divided into three parts for Raman, pH and lactate measure-
ments which started 25–40 min  post mortem (p.m.). The allocation
of the three parts to Raman, pH and lactate analysis was  randomized
between samples. The subsamples cooled to room temperature
within 30 min.
2.2. Reference measurements
As the metabolic rates of the muscle decreased with time, pH
and lactate were measured in increasing intervals. Using a punc-
ture electrode (Mettler Toledo – SevenGo pro, Giessen, Germany),
pH values were taken until constant pH was reached in three
consecutive measurements. In parallel, at least seven lactate con-
centrations were determined per muscle in the time from 0.5 to
10 h p.m. applying the sample preparation described in [22]. The
lactate concentration was  finally measured photometrically using
an enzymatic test assay and the absorbance of NADH at 340 nm
(Megazyme International Ireland, Wicklow, Ireland) [31].
2.3. Raman measurements
Raman measurements were conducted with the handheld
Raman probe presented in [32]. The sensor is connected via an
optical fiber with a miniature spectrograph (HORIBA Jobin-Yvon,
Longjumeau, France) with a spectral range from 689 to 769 nm and
an optical resolution of <0.5 nm. The built-in CCD detector (Hama-
matsu S7031-1006S) is cooled by a Peltier element. Additionally to
the Raman optics and electric supply described in [32], the sensor
head contains an OEM laser driver (RGB Lasersysteme GmbH, Kel-
heim, Germany) which controls the 671 nm external-cavity diode
laser [33] and a Peltier element for temperature control. This hand-
held system is operated by a program written in LabVIEW (National
Instruments, Austin, TX, USA).
From 0.5 to 10 h p.m., Raman spectra were obtained with an
integration time of 5 s and 5 accumulations at a laser power of
100 mW at one spot of the meat surface. Subsequent measurements
took place at different spots on the meat surface. Raman mea-
surements were conducted in increasing intervals beginning with
5 s between each spectrum. These intervals were incrementally
increased until 5 min  between spectra after 10 h p.m. For further
analysis, five consecutive Raman spectra were averaged, reduced to
the wavenumber range from 500 to 1800 cm−1 and subsequently
baseline-corrected using MATLAB (The MathWorks, Natick, MA)
with the COBRA toolbox [34].
2.4. Reference Raman spectra
Raman spectra of the energy metabolites adenosine triphos-
phate, inosine monophosphate, lactate, glucose 6-phosphate (G6P)
glycogen (from oyster, CAS9005-79-2), creatine, phosphocreatine
and phosphoric acid (Pi) were recorded as a reference using 50 mM
(100 mM in case of lactate) aqueous solutions, laser power of
100 mW,  integration time of 25 s and 10 accumulations. The pure
chemicals were purchased from Sigma–Aldrich Chemie GmbH,
Steinheim, Germany. To account for variations of the spectra due
to changes of the pH [35], the Raman spectra of G6P, ATP, IMP  and
inorganic phosphate solutions were recorded in the range from pH
5 to 7 in steps of 0.2 pH units. The pH was  adjusted by adding KOH
or HCl solution.
The Raman spectrum of ˛-helical proteins was obtained using
one day old meat samples by measuring the muscle fibers par-
allel and perpendicular to the laser’s polarization orientation.
The difference spectrum parallel–perpendicular yields the Raman
spectrum of ˛-helical proteins according to [12]. The spectra of
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Table 1
Summary of reference results for the investigated meat samples with assigned qual-
ity, number of samples (N), pH45, pH24 and lactate formation rates (mean ± standard
deviation).
Quality N pH45 pH24 Lactate formation
rate/mmol kg−1 h−1
RFN 7 6.25 ± 0.20 5.52 ± 0.12 7.4 ± 0.9
PSE-tendency 2 5.84 ± 0.07 5.37 ± 0.02 13.5 ± 1.5
Atypical 1 5.87 5.7 <0.5
Table 2
Measured pH values and estimated concentrations of metabolites used to calculate
the difference spectra in Fig. 2S and 3S.
Time p.m. pH Lactate Glycogen PCr ATP IMP  Pi
∼1 h 6.2 37 53 2 4.0 1.5 20
∼2  h 6.0 55 44 0 3.5 2.0 26
>8  h 5.6 100 22 0 0.4 5.1 34
deoxy- and oxymyoglobin were obtained by measuring meat sam-
ples with different degrees of oxidation.
3. Results and discussion
Table 1 summarizes the results of the pH and lactate analyses
which were conducted in parallel to the Raman measurements.
According to pH45 and lactate formation kinetics, seven out of ten
samples were assigned to normal meat (red, firm, non-exudative –
RFN), while two  revealed increased lactate formation and showed
tendency of PSE meat (pale, soft, exudative). One sample showed
essentially no lactate formation over 8 h, but also no significant
changes of the Raman spectra during that period and therefore,
was excluded from the analysis.
In the following two sections, the changes which are observed in
the Raman spectra during the pre-rigor phase (50 min–2 h p.m.) and
during the rigor phase (2–8.5 h p.m.) are discussed on the basis of
the difference spectra of the measured SM samples which are com-
pared with difference spectra calculated from the reference Raman
spectra to underpin the peak assignment.
3.1. Pre-rigor phase
To show the changes of the Raman spectral patterns for normal
meat, difference spectra of the seven normal samples were calcu-
lated. To this end, 50 preprocessed spectra of samples measured
after 2 h p.m. were averaged per sample and subtracted from an
equal number of spectra measured before 1 h p.m. The averaged
difference spectrum of the seven samples is presented in Fig. 2(a).
Positive peaks indicate metabolites which were formed, whereas
negative peaks point at degraded metabolites.
This difference spectrum is far too complex to be discussed
on the basis of individual bands. Therefore, changes of signal dif-
ference patterns due to a number of metabolic reactions were
considered, e.g. the Raman difference spectrum of creatine minus
phosphocreatine is depicted in Fig. 2(b). The difference spectrum
was scaled according to the integration and laser power settings of
the measurements with the meat samples and an conversion rate
of 2 mmol/kg of PCr to Cr in this interval which was judiciously cho-
sen in accordance to the concentrations found in [1,2]. An overview
of the concentrations of the relevant metabolites according to the
literature is given in Table 3 and an overview of the concentrations
which were used to scale the Raman difference spectra is given in
Table 2. The averaged pH values of the meat samples were 6.2 and
6.0 for the <1 h period and after 2 h p.m., respectively (see Table 2).
The pH dependency of the Raman spectra of PCr can be neglected
due to its low pKa value of 4.5 [35]. Accumulation of Cr is indicated
Fig. 2. Difference Raman spectra of (a) RFN meat samples measured 2 h minus <1 h
p.m. and (S) simulated, (b) creatine minus phosphocreatine, (c) lactate minus glyco-
gen, (d) deoxyMb minus oxyMb and (e) Raman spectrum of ˛-helical proteins. Peaks
assigned to phosphorylated metabolites (R-P), inorganic phosphate (Pi) and ATP are
marked with arrows.
by positive peaks at 605, 826 and 1045 cm−1, while degradation of
PCr can be identified by the negative peak at 978 cm−1 assigned to
the symmetric PO32− stretching vibration of the phosphate moi-
ety [21]. It is noteworthy that this latter signal is superimposed by
peaks of metabolites with one terminal phosphate group which
add intensity to the peak at 978 cm−1 (marked with R-P + Pi in
Fig. 2(a)) [36]. The signals of PCr at 846 cm−1 and of Cr at 1045 cm−1
are co-located with the strong peak at 855 and a smaller signal at
1040 cm−1 both originating from lactate. The peak at 826 cm−1 can
be utilized to estimate the conversion rate of PCr to Cr in the meat
spectra. The difference intensity in Fig. 2(a) would account for the
formation of 2.1 mmol/kg Cr when we consider that the pH-induced
change in the sugar phosphates contributes about 13% of the differ-
ence intensity at 826 cm−1. This was  estimated from a total content
of sugar phosphates of ca. 12 mmol/kg [4], the acidification by 0.2
pH units and using G6P as example (see Fig. 3(e)).
In Fig. 2c the result of the reaction of 9 mmol/kg glycogen to
18 mmol/kg lactate is shown as difference spectrum. The conver-
sion rate of glycogen to lactate was  estimated from the lactate
production measured in the RFN samples and from literature
[1]. The difference spectrum reproduces the situation found in
Fig. 2(a). Signals of glycogen can be expected at 937, 1115, 1338
and 1380 cm−1. In the difference spectrum in Fig. 2(a), the band at
1115 and the peak at 1338 cm−1 are clearly visible, while the other
Raman signals are attenuated or overcompensated by peaks of
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Fig. 3. Difference Raman spectra of (a) RFN meat samples measured 8.5 h minus
2  h p.m. and (S) simulated, (b) IMP  at pH 5.6 minus ATP at pH 6.0, (c) lactate minus
glycogen, (d) phosphoric acid at pH 5.6 minus pH 6.0, (e) G6P at pH 5.6 minus G6P
at  pH 6.0 and (f) Raman spectrum of ˛-helical proteins.
˛-helical proteins at 935 and one yet unassigned signal at
1380 cm−1. Two distinct signals of lactate are expected at 537 and
853 cm−1 [38]. Both can be found in Fig. 2(a). The latter is dis-
turbed at low wavenumbers by an imperfect baseline correction.
The smaller Raman peaks at 1040 and 1417 cm−1 are also found in
the meat difference spectra.
Interestingly, a pronounced peak can be found at 1123 cm−1
which is probably caused by the increasing intensity of the pH-
dependent, symmetric PO2− stretching mode of the triphosphate
moiety in ATP [21,39]. With decreasing pH, this peak’s intensity is
increased. The same holds for ADP but here much lower intensi-
ties are expected due to concentrations of below 1 mmol/kg [2,4].
In case of ADP, the aforementioned pH-dependent vibration can
be found at 1109 cm−1 and in fact, the meat difference spectrum
reveals a weak shoulder at 1105 cm−1. As the concentration of ADP
and ATP in the pre-rigor phase is nearly constant, primarily these
two pH-dependent peaks appear in the difference spectrum.
The Raman pattern between 1500 and 1600 cm−1 is mainly
explained by the Raman difference spectrum deoxy-minus oxymyo-
globin depicted in Fig. 2(d). The positive peaks at 1208, 1542 and
1602 cm−1 can be assigned to the formation of deoxymyoglobin
(deoxy-Mb), while the negative peaks at 1296 and 1635 cm−1 are
due to a loss of oxymyoglobin (oxy-Mb) [40]. The similarity of
this pattern and the meat difference spectrum in Fig. 2(a) (above
1500 cm−1) is obvious. Even two weaker signals of oxy-Mb at 1222
and 1563 cm−1 are recognizable in the meat. This spectral pattern
can be interpreted as a conversion from oxy- to deoxymyoglobin
between 50 and 120 min  p.m. When the sample was cut from the
SM muscle the meat surface was exposed to oxygen which led to
the formation of oxy-Mb. During the Raman measurements the
exposure to air was reduced by the sensor head and deoxy-Mb is
formed because early postmortem, the muscle cell’s mitochondria
still consume oxygen.
In addition to the discussed metabolites a decrease of the sig-
nals of -helical proteins is observed in Fig. 2(a). The signals can
be found at 901, 935, 1309, 1448 and 1645 cm−1 [11,12]. A spec-
trum of -helical proteins is depicted in Fig. 2(e). The signals at
901, 1309 and 1645 cm−1 are the least perturbed signals. Addi-
tionally, the ˛-helix signals are responsible for Raman signals at
935 and 1448 cm−1. While the peak at 935 cm−1 is clearly visi-
ble in the meat difference spectrum and increased by glycogen,
the signal at 1448 cm−1 is rather weak compared to the expected
intensity. The increasing lactate signal only partly compensates this
signal. In general, CH-deformation modes give rise to signals in this
wavenumber area and in proteins, the intensity of this band was
reported to be sensitive to the hydrophilicity/hydrophobicity of
the protein environment [41,42]. This could overcompensate the
expected decrease. Nevertheless, the loss of signals from the ˛-
helical secondary structure and the lack of increasing signals of
beta pleated sheet or random coil structure in the amid I or III
region is surprising considering the very early time frame of these
Raman measurements. The origin of this decline of ˛-helical signals
is unknown.
The simulated difference spectra presented in Fig. 2(S) was
obtained by summing up the difference spectra (b–e) shown in
Fig. 2. The Raman difference spectra which were measured with the
pure metabolites in aqueous solution were scaled with the concen-
trations listed in Table 2. These values are in accordance with values
found in the literature (see Table 3) or were measured such as pH
and lactate concentration. The difference spectra of deoxy-minus
oxy-Mb and of -helical proteins were judiciously scaled for best
agreement between measured and calculated difference spectrum.
Evidently, there is very good agreement between the simulation
and the measured spectrum especially in the wavenumber range
from 800 to 1150 cm−1 leaving only a few peaks unassigned.
Namely, the CH-deformation band at 1450 cm−1 and a peak at
1740 cm−1 are not well explained and belong to a compound not
included in our simulation. The latter peak can be assigned to C O
stretching vibrations of carbonyl groups which is attributed to sat-
urated esters or ketones in five-membered rings [43]. Apparently,
some of these compounds are significantly degraded during the
first hours post mortem, but at this point, its origin remains unclear.
3.2. Rigor phase
The second phase was  chosen to emphasize metabolic changes
when the muscle is entering the rigor mortis.  To this end, Raman
spectra from 2 h p.m. (pH 6.0) and the final (8.5 h p.m.) spectra of
each series of measurement (pH 5.6) were subtracted and averaged.
The difference spectrum final minus 2 h p.m. is presented in Fig. 3(a).
In the rigor phase, ATP is degraded to adenosine di-, monophos-
phate and finally IMP. The latter can further react to inosine,
inorganic phosphate, ribose and hypoxanthine but this takes place
on a longer time scale, i.e. less than 0.8 mmol/kg inosine can be
determined <8 h p.m. within pork meat [3]. Hence, the important
reactant is ATP while the relevant end product is IMP. Typical con-
centrations found in pork meat differ between 5 and 7 mmol/kg
of ATP after exsanguination and once 70% of the PCr pool has been
consumed [5], its level is declining below 0.6 mmol/kg after 8 h p.m.
[1–4]. IMP  concentrations vary from 0.1 to 0.8 mmol/kg at time
of death and rise to 4.5–6.1 mmol/kg after 8 h [1–3]. The differ-
ence spectrum ATP at pH 6.0 minus IMP at pH 5.6 is presented in
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Table 3
Overview of pH and range of concentration of energy metabolites in three time frames early postmortem for RFN meat quality according to the literature.
Time p.m. pH Concentration/mmol/kg
Lactate Glycogen PCr ATP IMP  Pi
∼1 h 5.8–6.5 40–70 49–56 0.4–3.0 3.1–4.5 1.1–2.6 19–20
∼2  h 5.6–6.3 50–90 39 0.2–2.6 1.9–5.0 1.0–4.1 27–28
>8  h 5.5–5.8 85–125 24–36 0.1 0.2–0.6 4.5–6.1 41
Ref.  [2,45] [1,2,4] [1,2,4] [1,2,4,45] [1–4,45] [1–3] [44,45]
Fig. 3(b). Besides the typical Raman signals from adenine at 732,
1303, 1335 and 1576 cm−1, ATP shows a distinct triphosphate peak
at 1119 cm−1 [21]. Strong signals assigned to vibrations of IMP  can
be found at 1466 and 1551 cm−1. Under acidic conditions, the ter-
minal phosphate group, PO3H− is only responsible for the weak
signal at 1074 cm−1 assigned to the symmetric PO2− stretching
vibration. In the meat difference spectrum depicted in Fig. 3(a),
all peaks from ATP are clearly visible. The signal at 1303 cm−1 is
superimposed by the signal of the ˛-helical proteins. Both signals
of IMP  can be found in meat at 1466 and 1551 cm−1.
In our samples acidification and glycolysis continued until 8 to
10 h p.m. which results in strong, positive signals of lactate and
negative signals of glycogen in Fig. 3(a). Again, the difference spec-
trum lactate minus glycogen is shown in Fig. 3(c). The spectrum was
scaled for the conversion of 22.5 mmol/kg glycogen to 45 mmol/kg
lactate. In the excised samples, lactate was formed in this phase
with a nearly constant rate of 7.0 mmol/kg per hour between 2 and
8.5 h p.m. which is comparable to values found in [1].
During glycolysis, ADP and Pi are recycled (see Fig. 1). While ADP
is further metabolized to IMP, Pi is accumulated in concentrations
of up to 40 mmol/kg in pork meat [44,45]. In Fig. 3(d), a difference
spectrum of inorganic phosphate in aqueous solution is presented.
According to the concentration of Pi found in literature the spec-
trum at pH 5.6 was scaled with 34 mmol/kg and at pH 6.0 with
26 mmol/kg before subtraction. The aforementioned peaks in pork
meat at 980 and 1080 cm−1 (marked with R-P + Pi in Fig. 2(a)) are
assigned to the vibration of Pi and to the phosphate group in sugar
phosphates such as glucose 6-phosphate (see Fig. 3(e)) and IMP.
Additionally, high concentrations of the acidic form of Pi (H2PO4−)
yield a strong signal at 875 cm−1 which corresponds to the symmet-
ric P(OH)2 stretching vibration (Fig. 3(d)). This band is observed
in the meat difference spectra in Fig. 2(a) and in Fig. 3(a) as a
shoulder.
The negative signal at 980 cm−1 in Fig. 3(a) cannot be explained
by inorganic phosphate alone. This signal can be attributed to
phosphorylated metabolites with lower pKa values than Pi such as
G6P (pKa = 6.1) which is the glycolytic intermediate with the high-
est concentration of up to 8 mmol/kg [4,46]. This concentration is
reached after 2 h p.m. and remains almost constant for at least 12 h
[46]. The difference spectrum of G6P at pH 6.0 minus G6P at pH 5.6
was calculated and then scaled with a factor of 5 for better visibility
(Fig. 3(e)). In this case, the base peak at 976 cm−1 is apparent and
due to the summed intensity of every sugar phosphate the negative
signal in Fig. 3(a) can be explained. Note that the peak at 827 cm−1
assigned to the R-PO3H vibration also adds intensity to the Cr sig-
nal in the pre-rigor phase (Fig. 2(a)) and to the shoulder in the meat
difference spectrum in Fig. 3(a).
When comparing the Raman spectra of meat before and after
rigor mortis,  the signals of ˛-helical proteins decrease (Fig. 3(f)) in
the meat difference spectrum and indicate, again, loss of intensity
or degradation of ˛-helical proteins in this time frame.
Again, the sum of the difference spectra presented in Fig. 3(b)–(f)
was calculated. In comparison to the pre-rigor phase, similar
results were achieved for the rigor phase (see Fig. 3(S)). Excel-
lent agreement was found between 1050 and 1700 cm−1, while













































































Fig. 4. Difference spectra of meat with RFN (solid) and PSE-like (dashed) quality
from (a) the pre-rigor and (b) the rigor phase.
found below 700 cm−1, between 770 and 800 cm−1 and again in
the carbonyl region around 1740 cm−1.
3.3. Deviating meat quality
To this point, only spectra of normal samples were discussed,
but according to pH45 and lactate formation rates two  samples
revealed PSE-like behavior. Although the number of samples is low,
the Raman difference spectra in Fig. 4 represent a total of 700 and
200 spectra taken at different positions for the normal and the PSE-
like samples, respectively. Hence, the spectral differences have a
sound spectroscopic basis and it is now interesting to compare the
difference spectra of the PSE-like samples for the pre-rigor (Fig. 4(a))
and rigor phase (Fig. 4(b)). In the pre-rigor phase, the pH decreased
from 5.8 to 5.6 in these samples. The difference spectrum of PSE-
like meat shows a higher level of noise due to the lower number of
spectra. However, an indication is found for a faster degradation of
ATP to IMP  according to the ratio of the Raman peaks at 1551 and
1576 cm−1. The quantitative determination of this ratio could be
very useful because the ratio ATP/IMP was  reported to be an excel-
lent predictor for deviating metabolism and hence, meat qualities
[47]. At the same time, the pH-dependent ATP signal at 1119 cm−1
is weaker compared to normal samples. This points to a lower abso-
lute concentration in the PSE-like samples which is in accordance to
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the literature [45,47]. In the pre-rigor phase, formation of Pi is higher
as indicated by the peak at 875 cm−1. Furthermore, the Raman dif-
ference spectrum of PSE-like meat did not show the signals of Cr at
826 and 1045 cm−1. This is in keeping with the rapid exhaustion of
the PCr pool in PSE meat [45] where no further formation of Cr was
found after 1 h.
In the rigor phase most of these differences are already equal-
ized (see Fig. 4(b)): ATP is degraded and the final concentrations
of lactate and Pi as well as the ultimate pH are reached. The most
obvious difference in the Raman spectra of the rigor phase of PSE
meat is the higher loss of -helical signal intensity which points
at the known denaturation of proteins in PSE meat which eventu-
ally leads to lower water holding capacity and higher drip loss [48].
Unassigned spectral differences can be found at 565 and around
785 cm−1. Apart from that, the difference spectra of PSE-like sam-
ples reveal only minor differences in the rigor phase.
In summary, it can be stated that metabolic changes in pork meat
could be followed and visualized with Raman difference spectra in
the pre-rigor (50–120 min  p.m.) and rigor phase (2–8.5 h p.m.). The
difference signal patterns of normal meat quality (RFN) could be
explained by summation of five Raman difference spectra which
were measured with the pure compounds in solution of appropri-
ate pH to show the effect of the individual reactions. Thus, in the
pre-rigor phase conversion of phosphocreatine to creatine, glyco-
gen to lactate and deoxygenation of myoglobin were shown to
largely cause the observed changes in the meat spectra. In the rigor
phase, further formation of lactate and inorganic phosphate, degra-
dation of adenosine triphosphate to inosine monophosphate and
the decreasing pH were revealed in the Raman difference spectra.
The acidification of the muscle was indicated by the protonation
of terminal phosphate moieties and inorganic phosphate. In both
phases, a distinct loss of -helical protein signals was observed.
Using concentrations taken from the literature and Raman spec-
tra of pure chemicals, excellent agreement was achieved between
simulated and measured difference spectra of meat.
The comparison of the Raman difference spectra between
normal and deviating (=PSE-like) meat quality indicated higher
conversion rate of ATP to IMP, lower concentration of ATP, a faster
formation of Pi and a lack of Cr formation in the PSE-like sample in
the pre-rigor time frame. On the other hand, the main spectral dif-
ference in the rigor phase was a significantly higher loss of signals
from -helical proteins in PSE-like meat.
4. Conclusion
In this study we have demonstrated the potential of portable
Raman spectroscopy to follow the early postmortem metabolism
in pork meat. The spectral changes could be traced back to energy
metabolites known to be indicators for the development of the
meat quality. Therefore, Raman spectroscopy could be very useful
for an early determination of meat quality. The Raman spectra give
deeper insight into the metabolic conditions than the pH measure-
ments and they provide this information non-invasively and much
faster than classic reference methods. However, as the sample size
was relatively small, these first results should be confirmed with a
larger number of animals and the feasibility of using the portable
Raman device in an abattoir remains to be shown.
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Abstract Modern abattoirs are lacking objective, fast, and
noninvasive methods to measure or predict important meat
quality traits such as pH, color, drip loss, or shear force early
postmortem. In this work, a mobile Raman systemwas used to
perform measurements under real-life conditions in the
cooling room of an abattoir using pig's semimembranosus
muscles (N =96), 60–120 min after exsanguination. The traits
pH45, pH24, CIE L*a*b*, drip loss, and shear force after 24
and 72 h were measured as reference and correlated with the
Raman spectra using partial least squares regression. Strong
correlations of the Raman spectra were obtained for pH45
(R2cv=0.65, RMSECV =0.17 pH units), pH24 (R
2
cv=0.68,
RMSECV = 0.09 pH units), L*-value (R 2cv = 0.64,
RMSECV =1.9), b*-value (R2cv=0.73, RMSECV=0.6), drip
loss (R2cv=0.73, RMSECV=1.0 %), and shear force after 72 h
(R2cv=0.7, RMSECV =4 N). On the other hand, shear force
after 24 h and a*-value showed only weak correlations
(R 2 c v = 0 .22 , RMSECV = 7 .8 N and R
2
c v = 0 .36 ,
RMSECV =1.3). The predictions can be traced back to differ-
ences in the early postmortem metabolic conditions as indi-
cated by Raman signals of phosphocreatine, creatine, adeno-
sine triphosphate, inosine monophosphate, glycogen, lactate,
phosphorylated metabolites, and inorganic phosphate. This
study demonstrates the potential of Raman spectroscopy for
the early postmortem prediction of six pork quality traits
which can be useful for the discrimination of meat qualities
and sorting in the production chain.
Keywords pH . Drip loss . Color . Shear force .
Noninvasive . In situ
Introduction
According to the United Nations' Food and Agriculture Orga-
nization, pork is the most widely eaten meat in the world
accounting for over 36 % of the world meat intake in 2010
(FAO 2012). Therefore, pork meat quality is of high econom-
ical, social, and scientific interest that undergoes constant
scrutiny.
Pork meat is often classified into quality groups such as
reddish, firm, non-exudative (RFN); pale, soft, exudative
(PSE); dark, firm, dry (DFD); pale, firm, non-exudative
(PFN); and reddish, soft, exudative (RSE) (Kauffman et al.
1993; van Laack et al. 1994). The quality traits required for
this classification are pH45, pH24, drip loss, and L*-value
(Bendall and Swatland 1988; Kauffman et al. 1993; van
Laack et al. 1994; Joo et al. 1995; Warner et al. 1997;
Adzitey and Nurul 2011; Petzet et al. 2013). Among these,
the color (L*-value) influences the consumer's purchasing
decision more than any other quality factor (Mancini and
Hunt 2005). On the other hand, tenderness is deemed the most
important quality parameter in determining consumer accep-
tance (Damez and Clerjon 2008). However, tenderness is an
inherent property which cannot be estimated visually and
which is often replaced by shear force measurements as a
physical method.
A wide range of methods was investigated regarding an
(early postmortem) assessment of meat quality (Honikel and
Fischer 1977; Toldrá and Flores 2000; Brondum et al. 2000;
Hoving-Bolink et al. 2005; ElMasry et al. 2011;
Kamruzzaman et al. 2012; Qiao et al. 2006). A rapid method
for detection of PSE and DFDmeat is based on the absorption
ratio at 250 and 260 nm (Honikel and Fischer 1977). This ratio
represents the concentration ratio of adenosine triphosphate
(ATP) to inosine monophosphate (IMP) which is much higher
in normal meat than in PSE or DFD meat. An additional pH
measurement 1 h p.m. facilitated a separation of DFD and
PSE. The preparation of the acidic muscle extract and the
subsequent measurement of the absorbance ratio were reliable
R. Scheier :H. Schmidt (*)
Research Centre of Food Quality, University Bayreuth,
E.-C.-Baumann Straße 20, 95326 Kulmbach, Germany
e-mail: heinar.schmidt@uni-bayreuth.de
A. Bauer
Department of Safety and Quality of Meat, Max Rubner Institute,
E.-C.-Baumann Straße 20, 95326 Kulmbach, Germany
Food Bioprocess Technol
DOI 10.1007/s11947-013-1240-3
for 97 % samples (N =253) (Honikel and Fischer 1977) but
not suitable for the online detection of meat quality.
Using aminopeptidase and dipeptidylpeptidase activities,
an early postmortem distinction between exudative (PSE and
RSE) and non-exudative (RFN and DFD) meat was achieved
(Toldrá and Flores 2000). The authors reported differences in
enzyme activities among classes, mainly in exoproteases,
which could be used as indicators or markers for postmortem
quality in a broad time range. With a stepwise discriminant
analysis, 2 h p.m. enzyme activity could explain 75 % of the
variability of meat quality, while 24 h p.m. enzyme activity
explained 71 %. The authors proposed to use the enzyme
assays online. However, the sample preparation is complicat-
ed and time consuming.
For online applications, spectroscopic methods are more
appropriate because they are fast and do not require sample
preparation. For the prediction of drip loss of porkmeat visible
(VIS) and near infrared (NIR) reflectance, fluorescence and
low-field 1H nuclear magnetic resonance (NMR) spectrosco-
py were compared (Brondum et al. 2000). Best regression
results were obtained with NMR spectra yielding R2=0.75
(N =39) and standard error of prediction of 2 %. Also, good
correlations (R2=0.72, RMSEP=2.1 %) were reported for
VIS spectra, but the prediction errors were still too high
considering the expected total variance in drip loss from <1
to 10 %. Early postmortem NIRS spectra revealed no correla-
tion with drip loss and only a low correlation with color
(Hoving-Bolink et al. 2005). Similarly, when L*-values were
investigated for the prediction of water-holding capacity
(WHC), low correlations were reported, and brightness was
stated not to be a reliable predictor of WHC (van Laack et al.
1994). On the other hand, using hyperspectral NIR imaging
(900–1,700 nm), drip loss could be predicted in three different
muscles of beef (N =27) (ElMasry et al. 2011). Coefficient of
determination in cross-validation R2cv=0.89 and standard er-
ror of cross-validation RMSECV=0.26 % revealed the poten-
tial of this technique. A continuative study of the same tech-
nique showed also good correlations for quality traits like pH
(R2cv=0.65 and RMSECV=0.09), drip loss (R
2
cv=0.77 and
RMSECV =0.3), and L*-value (R2cv=0.91 and RMSECV =
1.3) for lamb meat (Kamruzzaman et al. 2012). Slightly infe-
rior results were achieved using the same technique to predict
pH, drip loss, and color of pork meat (Qiao et al. 2006).
However, in its current characteristics, hyperspectral imaging is
difficult to be implemented in online industrial application due to
time constraints in image acquisition and pre- and post-
processing routines of the image (ElMasry et al. 2011).
As an emerging method, Raman spectroscopy has lately
received increasing attention. For instance, the WHC of pork
meat was predicted using Raman spectra (Pedersen et al.
2003), and the shear force (SF) was correlated with Raman
spectra from lamb and beef (Beattie et al. 2004; Beattie et al.
2008; Schmidt et al. 2013). The early postmortem Raman
spectra of pork were shown to provide a metabolic fingerprint
of meat revealing amongst others degradation of glycogen to
lactate and ATP to IMP (Scheier et al. 2014). Under laboratory
conditions, Raman spectroscopy showed its potential to non-
invasively measure the pH with R2=0.94 and RMSECV=0.2
pH units (Scheier and Schmidt 2013). Therefore, the aim of this
work was to investigate the feasibility of Raman spectroscopy
tomeasure and predict quality traits such as pH, color, drip loss,
and shear force early postmortem in a field study in an abattoir.
Materials and Methods
Samples
Raman and reference measurements were performed as part of
a larger study with the left topside (m. semimembranosus ,
SM) of 96 pigs representing a random sample of typical pig
breeds slaughtered in Germany. Due to complete dismember-
ing of 15 hams, only 81 SM samples were available for
determination of drip loss and for shear force measurements
after 24 h, and 64 samples for shear force after 72 h p.m.
Reference Measurements
The pH measurements were performed in duplicate with a
puncture electrode (Portamess 913 X pH, Knick, Berlin) after
45 min in the abattoir and after 24 h in the laboratory. The CIE
L*a*b* color was measured after 24 h p.m. with a Minolta
CR400 (Konica Minolta, Japan). After a blooming period, the
measurement was performed in triplicate on a freshly cut
surface at different sites of the muscle. The mean values of
L* per SM were used for analysis. Drip loss was measured on
a size-standardized sample of approximately 170 g between
24 and 72 h, while the sample was suspended and stored at
4 °C. The difference between initial and final weight was
determined and expressed as percentage weight loss
(Honikel 1998). Shear force values were determined for two
aging times (24 and 72 h) on six cooked 1×1 cm2 subsamples
(Shackelford et al. 1999) per sample and per aging time using
a Warner–Bratzler system (Instron Series 5564, Instron
Deutschland GmbH, Pfungstadt). For analysis, the mean
values of the six subsamples per sample were used.
Raman Measurements
Raman measurements were conducted with the portable Ra-
man system depicted in Fig. 1. This device was developed to
measure Raman spectra under conditions found in abattoirs.
To this end, the handheld Raman sensor head described by
Schmidt et al. (2010) was connected by an optical fiber with a
miniature spectrograph (HORIBA Jobin-Yvon, Longjumeau,
France) with an optical resolution of 8 cm−1 and a
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thermoelectrical cooled CCD camera operating at −10 °C. A
laser driver (RGB Lasersysteme GmbH, Kelheim, Germany)
is used to control the 671-nmmicro system diode laser (Sumpf
et al. 2009). The laser power can be adjusted in the range from
0 to 130 mW by varying the input voltage at the laser driver.
This voltage is generated by a digital data acquisition unit (NI-
USB 6008, National Instruments, Austin, TX, USA) connect-
ed via USB to a laptop computer. The system is controlled
with a self-written LabVIEW program (National Instruments,
Austin, TX, USA) which also captures and stores the Raman
spectra. The programwas adapted to ease work for (untrained)
operators. For instance, measurements can be started by push-
ing the trigger button at the sensor head. Automated routines
are implemented for the detection of fat and invalid measure-
ments (see Data Analysis). For mobile usage, rechargeable
battery packs with a capacity of 25 Ah were integrated. With
this system, continuous Raman measurements can be con-
ducted over 8 h. The system was successfully used in com-
mercial abattoirs under conditions with high humidity, low
temperature, and fluorescent light illumination.
Ten Raman spectra were recorded at the freshly cut meat
surface of each SM in the cooling room between 60 and
120 min p.m. The laser power was set to 80 mW, and the
integration time to 2.5 s. For further analysis, all meat spectra
per sample were averaged. Occasionally, fat was detected. If this
happened, additional spectra were recorded at different spots.
Data Analysis
After each measurement, the spectrum was automatically
evaluated whether meat or fat was detected. The fat detection
was based on a principle component analysis with meat and
fat spectra providing a loading which was used to score the
measured spectra. A high score value indicated high fat con-
tent at the measuring spot. Using a judiciously chosen thresh-
old, the Raman spectra were classified either as meat or as fat
(or fat with meat) and stored separately.
For further analysis, the meat spectra were limited to the
wavenumber region from 500 to 1,800 cm−1. For better visi-
bility of the Raman peaks, in Fig. 3, Raman spectra were
baseline corrected using MATLAB (The Mathworks Inc.,
Natick, MA, USA) with COBRA (Galloway et al. 2009).
Partial least square regression (PLSR) was performed with
MATLAB 7.9.0 R2009b software (The Mathworks Inc., Na-
tick, MA, USA) and PLS toolbox 6.2 (Eigenvector Research
Inc., Wenatchee, WA, USA). Besides mean centering, no
further preprocessing of the spectral data was applied.
For cross-validation, the random blocks method with
nine data splits and 20 iterations was applied. To this
end, the order of the spectra was randomized, and the
data set was split into nine commensurate subsets.
Using eight subsets, a PLSR model was calculated.
With the remaining subset, the model's predictive power
was evaluated by calculating the root of the averaged,
squared difference between measured and predicted ref-
erence values (RMSECV). This was repeated until every
subset was used once. Subsequently, the randomization
and cross-validation procedure was repeated 19 times.
The resulting 20 R2 and RMSECVs were each averaged.
To improve the predictive power of the PLSR models
(i.e., minimize RMSECV), the number of spectral channels
was iteratively reduced to exclude spectral regions carrying
little or no spectral information for the prediction of the
particular reference value (Osborne et al. 1997). To this end,
variance importance in projection (VIP) plots and a threshold
value of 1 were applied (Chong and Jun 2005). A PLSR
model was calculated, and the number of latent variables
was chosen to minimize the RMSECV. Then, the VIP plot
was calculated, and the spectral channels with VIP scores
lower than 1 were excluded from the data set. With the
reduced data set, a new PLSR model was calculated.




An overview of the reference parameters measured in addition
to the Raman spectra is given in Table 1. All traits exhibit a
sufficient variance to establish correlations. At the same time,
the errors of the reference methods are low compared to the
variance of the trait as indicated by the SD which is essential
for establishing prediction models. The error of the reference
method for pH45 and pH24 was taken from a series of mea-
surements described in Scheier and Schmidt (2013). The
errors of the measurement of L*, a*, and b* and shear force













Fig. 1 Scheme of the portable Raman system in a carrying case,
consisting of a handheld Raman sensor head connected to a spectrograph,
a portable computer which is linked via a digital acquisition (DAQ) unit
and rechargeable battery packs for mobility
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sample. The error of the drip loss measurement was taken
between 0.3 and 1.3 % as reported by Christensen (2003).
The meat samples were classified according to drip
loss, pH45, pH24, and L* using the flow chart published
by Petzet et al. (2013). The sorting criteria are based on
and adapted from literature values (Monin and Sellier
1985; Bendall and Swatland 1988; Kauffman et al.
1993; Joo et al. 1995; Warner et al. 1997) which are
summarized in Table 2. The samples exhibited a broad
distribution of qualities (see Fig. 2). About 52 % of the
samples showed normal drip loss between 1 and 5 % (Fig. 2,
light gray), about 39 % of the samples were exudative with
drip loss over 5 % (white), and 9 % were found to be dry (drip
loss below 2 %, marked dark gray in Fig. 2). The extreme
samples PSE (N =6) and DFD (N =2) were scarce in the data
set according to their low prevalence.
Raman Spectra of RFN and PSE Meat
To show differences in the Raman spectra between normal and
PSE meat qualities, the difference spectrum RFN minus PSE
was calculated. To this end, the preprocessed spectra of the 31
RFN and the six PSE samples (cf. Fig. 2) were averaged and
subtracted. The difference spectrum is presented in Fig. 3.
Positive signals indicate metabolites with higher concentra-
tions in RFN than in PSE samples and vice versa. The differ-
ent metabolic states of the two meat qualities are indicated by
Raman peaks assigned to phosphocreatine (PC), creatine (C),
glycogen (G), lactate (L), ATP (A), IMP (I), inorganic phos-
phate (Pi), phosphorylated metabolites (P), and α-helical pro-
teins (α) (Scheier et al. 2014). For instance, the advanced
metabolic state of PSE compared to RFN meat is reflected
by negative creatine signals at 826 and 1,040 cm−1 in the
difference spectrum which indicates a faster decay of phos-
phocreatine in PSE meat. Creatine is produced from phospho-
creatine for ATP regeneration. Its faster accumulation in PSE
meat was shown by Henckel et al. (2001). At the same time,
higher concentrations of PC in RFN meat are indicated by
positive signals at 849 and 976 cm−1 in Fig. 3. The latter is
superimposed by further phosphorylated metabolites which
add intensity to this peak. Similar observations can be made
for the metabolic pairs glycogen/lactate with positive glyco-
gen signals at 936, 1,124, and 1,337 cm−1 and negative lactate
signals at 535 and 855 cm−1 and for the pair ATP/IMP with
positive ATP signals at 732, 1,124, 1,305, 1,337, and
1,577 cm−1 and negative IMP signals at 1,470 and
1,555 cm−1. The accelerated metabolism in PSE meat leads
Table 1 Number of samples (N), mean value, minimum and maximum
value, standard deviation (SD), and measurement error of the reference
method (ref. error) for the investigated quality traits
N Mean Min Max SD Ref. error
pH45 96 6.29 5.41 6.8 0.29 0.06–0.14
pH24 96 5.53 5.28 6.13 0.15 0.01–0.05
L* 96 48.8 41.0 55.1 3.1 0.9
a* 96 9.1 5.9 14.2 1.6 0.4
b* 96 4.2 1.7 7.5 1.2 0.3
Drip loss/% 81 4.1 0.7 9.2 1.9 0.3–1.3a
SF24/N 81 57.1 37.5 79.3 8.7 4.7
SF72/N 64 48.7 35.6 68.7 6.9 4.6
a from Christensen (2003)
Table 2 Criteria for the meat quality classification in Fig. 2 based on drip
loss, pH24, pH45, and L*-value
Quality DL/% pH24 pH45 L*
RFN <5a, b <50a, c
PFN <5b >50b
AM <5d <5.4d, e >6.3d, e
PSE >5a, b <5.8f
PSE-T >5e >5.8e >50e
RSE >5a, b, c >5.8a <50a, c
DFD <2c >6.0a, c
DFD-T <2e 5.7–6.0e
aWarner et al. (1997)
b Kauffman et al. (1993)
c Joo et al. (1995)
dMonin and Sellier (1985)
e Petzet et al. (2013)















Fig. 2 Meat quality distribution classified according to Petzet et al.
(2013) for 81 of 96 hams (15 hams were completely dismembered).
Normal samples (2 %<drip loss < 5 %) are marked light gray: reddish,
firm, non-exudative (RFN); pale, firm, non-exudative (PFN); and acid
meat (AM). Exudative samples (drip loss>5 %) are marked white: pale,
soft, exudative (PSE); PSE tendency (PSE-T); and reddish, soft, exuda-
tive (RSE). Dry samples (drip loss<2 %) are marked dark gray: dark,
firm, dry (DFD) and DFD tendency (DFD-T)
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to a faster acidification which is reflected in the Raman
difference spectrum by the pH-dependent signals of inorganic
phosphate and the terminal phosphate moiety at 872, 976, and
1,077 cm−1. The positive signal at 976 cm−1 is assigned to the
symmetric PO3
2− stretching vibration which is stronger under
less acidic conditions and which indicates the higher pH in
RFN meat. On the other hand, the negative signals at 872 and
1,077 cm−1 are increased under more acidic conditions in PSE
meat. This is confirmed by the reference measurements which
yielded pH45=6.4 for RFN and 5.5 for PSE meat. Addition-
ally, signals of α-helical proteins as indicated at 936, 1,305,
1,337, and 1,656 cm−1 were more pronounced in RFN meat.
These observations are in agreement with earlier findings in a
laboratory study of the Raman and pH kinetics of excised SM
muscles (Scheier et al. 2014).
Correlation with pH45
The spectral differences found between RFN and PSE meat
indicate difference in the metabolic states of both meat
qualities. Raman spectra have been previously shown to cor-
relate with the pH value (Scheier and Schmidt 2013). As these
results were obtained in laboratory experiments, it is interest-
ing to evaluate to what extent the spectral information obtain-
ed in an abattoir can be used to predict the quality traits. The
optimized PLSR model is presented in Fig. 4a illustrating the
pH45 predicted from the Raman spectra versus the pH45
measured with a puncture electrode. The calibration data
(black dots) represent a model comprising all samples. The
model's ability to predict pH values, which are not contained
in the training data set, is shown by the cross-validation where
only predictions from Raman spectra are considered, which
were not contained in the training data set of the PLSR model.
The predictions calculated during cross-validation are repre-
sented by the gray circles in Fig. 4a. The results of the
correlation models are summarized for all traits in Table 3.
For the pH45, the coefficients of determination are promising
(R 2 = 0.82 and R 2cv = 0.65), and the model yields
RMSEC =0.11 and RMSECV =0.17 pH units which comes
































































Fig. 3 Averaged spectra of six
PSE samples (solid line), 31 RFN
samples (dashed), and the
difference spectrum RFN minus
PSE (bold). Indicated by arrows :
adenosine triphosphate (A),
inosine monophosphate (I),




(PC), and α-helical proteins (α).
Circles with arrows indicate










































Fig. 4 a Predicted pH45
(calibration=black dots , cross-
validation=gray circles) from
Raman spectra calculated from
PLS regression model versus pH
measurement with puncture
electrode, RMSEC =0.11 (dashed
line) and RMSECV=0.17 pH
units (dotted line). b VIP plot
calculated from PLS regression
model, exclusion band with VIP
score<1 (gray) and relevant
Raman signals assigned with its
respective wavenumbers
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of 0.06–0.14 pH units (see Table 1). The pH values were
measured 45 min p.m. while the Raman measurements started
between 60 and 120 min postmortem. Furthermore, the pH
was measured inside the SM while the Raman spectra were
obtained from the meat surface. Both effects are expected to
slightly bias the predicted pH45.
To highlight the Raman signals which provided relevant
information for the prediction of pH45, the VIP plot of the
PLSR model is presented in Fig. 4b. The most important
Raman signal at 976 cm−1 is assigned to the basic form of
the terminal phosphate moiety which acts as a pH indicator.
Interestingly, the corresponding signal of the acidic form at
1,080 cm−1 is not utilized by this PLSR model. This may be
due to a superimposing signal from glycogen at 1,083 cm−1
while the signal at 976 cm−1 is relatively undisturbed by other
Raman peaks. Secondly, a broad wavenumber region around
the peak at 928 cm−1 is weighted. Additional peaks at 1,300
and 1,455 cm−1 point to α-helical protein signals (Pézolet
et al. 1978; 1988). The peaks at 538 and 855 cm−1 can be
assigned to lactate. Furthermore, creatine and phosphocreatine
signals are utilized with peaks at 1,044 cm−1 and the peaks at
855 and 976 cm−1. The signals at 1,122, 1,298, and
1,577 cm−1 can be assigned to ATP. These assignments are
in keeping with the difference spectra in early postmortem
pork (Scheier et al. 2014).
Correlation with pH24
While the correlation of the Raman spectra with pH45 is
largely based on a phosphate signal indicating the actual pH,
it was interesting to evaluate whether the Raman measure-
ments also can be utilized to predict the pH24. The optimized
PLSR model is depicted in Fig. 5a where predictions of the
pH24 based on calibration and cross-validation are plotted
versus measurements of the pH24 with a puncture electrode.
The model yields R2=0.84 and R2cv=0.68, and RMSEC =0.06
and RMSECV=0.09 pH units. This model performed better
than the correlation with pH45. This can be partly explained by
the smaller variance of the ultimate pH value in pork meat of
0.01–0.05 pH units (Scheier and Schmidt 2013; Christensen
2003). However, only three samples were probed with pH24>
6.0. The good predictability of pH24 from Raman spectra
obtained 1–2 h p.m. can be explained by the early postmortem
energy metabolism of meat and its correlation with the ultimate
pH. The low concentration of glycogen is limiting the final
concentration of lactate and H+ ions and thereby the ultimate
pH (Immonen and Puolanne 2000). Besides signals of glyco-
gen, the Raman spectra contain signals of lactate, phosphocre-
atine, creatine, ATP, adenosine diphosphate (ADP), IMP, and
inorganic phosphate (PI) which provide further information
about the metabolic conditions within the muscle cells and
which indicate the ultimate pH of the muscle.
The VIP plot of the pH24 model in Fig. 5b is different from
the VIP plot for the correlation of pH45 in Fig. 4b. Here, the
prediction has to be based on metabolites but not on the peaks
which indicate the actual pH. Accordingly, the strongest peak
in this plot can be found at 1,109 cm−1 which is assigned to
Table 3 Figures of merit for the PLS regression models of quality traits,
root mean square error of calibration (RMSEC), root mean square error of
cross-validation (RMSECV), and number of latent variables (LVs) and of
spectral channels (NSC)
R2 RMSEC R2cv RMSECV LVs NSC
pH45 0.82 0.11 0.65 0.17 8 123
pH24 0.85 0.06 0.68 0.09 6 99
L* 0.95 0.7 0.64 1.9 9 261
a* 0.48 1.2 0.36 1.3 5 110
b* 0.90 0.4 0.73 0.6 9 104
Drip loss/% 0.90 0.6 0.73 1.0 7 87
SF24/N 0.37 6.9 0.22 7.8 5 99


















































Fig. 5 a Predicted pH24 from
Raman spectra calculated from
PLS regression model versus pH
measurement with puncture
electrode, RMSEC =0.06 and
RMSECV=0.09 pH units. b VIP
plot calculated from PLS
regression model (presentation as
in Fig. 4)
Food Bioprocess Technol
vibrations of ADP (Scheier et al. 2014; Rimai et al. 1969). The
smaller peak at 1,120 cm−1 is assigned to the triphosphate
ATP. Apparently, the PLSR model utilizes different concen-
trations of ADP and ATP to predict final pH values. In the
literature, this is known for ATP in pork muscles where a
difference of 3 mmol kg−1 of ATP was found between RFN
and DFD (high pH24) in the time frame from 30 to
120 min p.m. (Miri et al. 1992). Additionally, a 17-
mmol kg−1 higher concentration of Pi in DFD and a four times
higher concentration of phosphocreatine in RFN were report-
ed in the same study. This is reflected in the VIP plot: Three
distinct signals at 875, 978, and 1,078 cm−1 indicate the
influence of the concentration of Pi, while signals at 826,
855, 978, and 1,037 cm−1 indicate the conversion of phospho-
creatine to creatine as shown by Scheier et al. (2014). As DFD
meat has much lower content of glycogen than RFN meat
(about 40 mmol kg−1 initial difference of glycogen content
(Henckel et al. 2001)), signals from glycogen and lactate are
used, notably at 855, 933, 1,037, 1,078, 1,120, and
1,335 cm−1. Additional peaks at 1,455 cm−1 assigned to CH,
CH2, and CH3 deformation modes and in the Amid I region
between 1,630 and 1,690 cm−1 were also weighted in the VIP
plot, as well as a broad band at 1,740 cm−1 which can be
assigned to the C═O stretching vibration of the carbonyl
group (Lin-Vien et al. 1991). However, their assignment to
metabolites or structural features is yet unknown.
Correlation with L*a*b*-Values
In Fig. 6, the PLS correlation of the Raman spectra and the L*-
values is presented. The prediction of L*-values from the early
postmortem Raman spectra was promising considering the
reference error of the measurement of 0.9 using the Minolta
CR400. The model yielded the following figures of merit:
R2=0.95 and R2cv=0.64, and RMSEC =0.7 and RMSECV=
1.9. The PLSR models for a* and b* performed very differ-
ently. The b*-value was highly correlated with the early
postmortem Raman spectra (R2=0.9), while only a moderate
correlation was found for the a*-value (R2=0.46). Meat color
and L*-value are mainly determined by the concentration of
oxymyoglobin, deoxymyoglobin, and metmyoglobin
(Mancini and Hunt 2005) of which oxymyoglobin and
deoxymyoglobin were already shown to contribute to early
postmortem pork spectra (Scheier et al. 2014). However, meat
color after 45 min p.m. was reported to be not indicative for
ultimate color in porcine SM and longissimus dorsi (LD)
muscles (Duan et al. 2013). Thus, the L*a*b*-values have to
be predicted indirectly from the Raman spectra. It is known that
the early postmortem conditions such as rate of glycolysis, pH,
and temperature play an important role in determining color
(Feldhusen 1994; Joo et al. 1999). For instance, high temperature
in combination with low pH45 in the muscle leads to denatur-
ation of proteins which influences light scattering. Furthermore,
Duan et al. (2013) found that a high pH45 was associated with a
decreased L*-values in LD and SM pork meat. As the present
data show only a weak correlation between pH45 and L* (R=
−0.27), it is concluded that the correlation is not indirectly based
on the pH information of the spectra. This is confirmed by the
VIP plot of the L* model (not shown), which weighs signals of
glycogen and α-helical proteins, but not the indicative signals of
phosphate. On the other hand, the pH24 does correlate with the
L* with a coefficient of R=−0.6. This is in keeping with the
known relationship between ultimate pH and L*-value (Brewer
et al. 2006).
The model for a* relies mainly on signals of α-helical
proteins at 931, 1,310, 1,448, and 1,649 cm−1 but also strongly
weighs peaks at 999 and 1,038 cm−1, presumably attributed to
phenylalanine and creatine/lactate, respectively. The VIP plot
of the b* model is a combination of the plot of L* and a*.
Correlation with Drip Loss
A clear and well-known relationship exists between early
postmortem metabolism and drip loss (Warriss 1982; Schäfer
et al. 2002; Huff-Lonergan and Lonergan 2005; Huff-
Lonergan and Lonergan 2007). In general, perimortem stress
leads to high drip loss while antemortem exhaustion of the
glycogen reservoir leads to very low drip loss. In Fig. 7a, the
PLSR prediction of the drip loss measured after 72 h is shown.
The model yields the following results: R 2=0.9 and
R2cv=0.73, RMSEC =0.6 % and RMSECV=1 %, which are
very accurate compared to the overall variation of drip loss
from 0.7 to 9.2 % and the reference error of 0.3–1.3 %
(Table 1). The results are comparable to an earlier study, where
R2=0.79 and RMSECV =0.9 % were obtained using a Raman


















Fig. 6 Predicted L*-value from Raman spectra calculated from PLS
regression model versus L*-value from reference measurements with
Minolta CR400, RMSEC=0.7 and RMSECV=1.9 (presentation as in
Fig. 4a)
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The VIP plot in Fig. 7b indicates the influence of signals
from lactate (542, 859, and 1037 cm−1), glycogen (928 and
1385 cm−1), ADP (1,109 cm−1), adenine (720–730 cm−1), cre-
atine (826 and 1037 cm−1), terminal phosphate groups (980 and
1,080 cm−1), and carbonyl groups (1,740 cm−1) (Scheier et al.
2014). Hence, the PLSR prediction of drip loss is mostly based
on components which indicate the energy metabolism of the
muscle.
Correlation with Shear Force
The rate of postmortem pH decline is also known to influence
the rate of tenderization (Bee et al. 2007; Melody et al. 2004).
Interestingly, the shear force values measured 24 and 72 h p.m.
showed only a moderate correlation (R2=0.35). Accordingly,
the PLSR correlation of the Raman spectra and the shear force
data performed very differently in our study (see Fig. 8): While
only a weak relationship was found for SF 24 h p.m. with R2=
0.37 and RMSECV =7.8 N, a much better model could be
calculated for SF 72 h p.m. with R2=0.95 and RMSECV=
4.0 N, which is comparable to the estimated reference error of
4.6 N. As shown above, the Raman spectra reflect the rate of
early postmortem metabolism which influences proteolytic
processes such as the splitting of connectin and titin filaments
or the fragmentation of nebulin filaments (Huff-Lonergan et al.
2010; Takahashi 1996). Thus, it is reasonable to assume that
this relationship is also the reason for the good prediction of SF
72 h postmortem. On the other hand, the shear force values
24 h p.m. are temporarily disturbed or superimposed by antag-
onistic effects and therefore cannot be predicted. This could be
caused by the shortening of the sarcomers during rigor mortis
(Tornberg 1996), or its duration may interfere with the mea-
surement after 24 h p.m.
Conclusions
A portable Raman system was tested in a series of measure-
ments with 96 pigs in the cooling room of an abattoir. PLS
regression models were computed which yielded promising
correlations (0.6<R2cv<0.7) for pH45, pH24, and L*-value



















































Drip loss (Reference) / %
a
Fig. 7 a Predicted drip loss from
Raman spectra calculated from
PLS regression model versus drip
loss from reference method,
RMSEC =0.6 and RMSECV=
1.0 %. b VIP plot calculated from
PLS regression model














































Shear force 72 (Instron) / N
bFig. 8 Predicted shear forcecalculated from PLS regression
model using Raman spectra
versus drip loss from reference
method measured a 24 h p.m.
with RMSEC =6.9 and
RMSECV=7.8 N and b 72 h p.m.
with RMSEC =1.4 and
RMSECV=4.0 N (presentation as
in Fig. 4a)
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and shear force 72 h p.m. Only weak correlations were found
for the shear force 24 h p.m. (R2cv=0.22) and the a*-value
(R2cv=0.36). As the data set comprised rather few PSE and
DFD samples, future measurements should consider enlarging
the sample size and pre-selecting PSE and DFD samples to
account for their low prevalence. It was shown that the Raman
spectra are an indicator for the state of the early postmortem
metabolism of PSE and RFNmeat. The metabolites glycogen/
lactate, ATP/IMP, creatine/phosphocreatine, and the phos-
phate group were identified in the difference spectrum. The
signals of these metabolites were amongst others used by the
PLS regression models to predict the reference parameters.
These quality traits are presently only available via five mea-
surements requiring four different devices/methods, which are
either invasive or time consuming or both. In this field study,
we have shown the basic applicability of Raman spectroscopy
to predict six important quality traits using a portable Raman
system and spectra with only 2.5 s integration time (with ten
repetitions) from early postmortem, in situ measurements
performed under real-life conditions in an abattoir. The next
steps will have to address the validation of these findings and
to show the applicability directly at the slaughter line which is
closer to the requirements of the production process.
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